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1 Introduction

X-ray fluorescence (XRF') spectroscopy is a technique used for example for non-destructive
elemental analysis of geological and mineralogical samples. By measuring X-ray fluores-
cence line positions and intensities of X-ray emissions from a material, XRF provides rapid
and cost-effective insights into the elemental composition of geological samples, enabling
applications ranging from ore characterization to environmental monitoring [4,21,26,128].
Traditional XRF analysis workflows often encounter challenges such as spectral vari-
ability, grain size effects and detector noise. These methods typically require manual
preprocessing steps, including baseline correction and peak deconvolution, which are
time-consuming and prone to human error [3,/17]. Jones et al. highlight that conventional
XRF analysis methods, for example Fundamental Parameters approach, require extensive
background knowledge for accurate interpretation |16]. Similarly, Allegretta et al. note
that calibrating XRF instruments require reference minerals, making the process both
time-consuming and costly - challenges that machine learning methods could potentially
overcome |[2].

Recent advancements in deep learning have shown significant potential in overcoming
these limitations. Techniques such as convolutional neural networks (CNNs) and recurrent
neural networks have been applied to enhance classification accuracy, robustness against
noise, and segmentation efficiency. Preisler et al. showcased the utility of CNNs for
macro-XRF datasets, improving spectral classification even under conditions of high noise,
thus reducing errors in material identification [22]. Tang et al. extended this approach
by integrating CNNs for 3D mineral identification, highlighting their effectiveness in
improving spatial resolution and processing efficiency in noisy environments [24]. Similarly,
Andric et al. utilized autoencoder-based models to streamline dimensionality reduction
and spectral classification in pigment identification applied on paintings [3].

Despite these advances, adapting these methods to real-world XRF-based mineral
segmentation remains challenging. Existing studies highlight limitations in model general-
izability and sensitivity to measurement conditions. Xu et al. observed that conventional
CNN models for near-infrared spectral imaging suffered from reduced classification ac-
curacy without proper preprocessing, emphasizing the critical role of spectral feature
extraction techniques [29]. Preisler et al. highlighted additional challenges specific to
XRF analysis. Traditional deconvolution methods often struggle with complex spectra
due to scattering and background noise. They further stated that the reliance of synthetic
datasets on experimental setup parameters, such as x-ray source configuration, geometry
and detector properties, limits their applicability to different instrument setups and
sample conditions [22]. Additionally, direct segmentation of mineralogical maps from
XRF spectra remains an underexplored area.

This thesis explores the development of a novel framework for mineral identification
and segmentation that builds on a baseline CNN model. To improve both accuracy
and generalizability, the thesis focuses on comprehensive synthetic data generation
and augmentation strategies. Specifically, real-world distortions such as Poisson noise,
calibration shifts and Bragg reflections are added to the synthetic spectra to bridge the
gap between idealized simulations and field conditions. Additionally, the potential benefit



of integrating attention mechanisms is explored by comparing the performance of the
CNN with and without attention.

2 Goals and Dataset Description

The dataset used for this thesis will be generated from both real and simulated XRF
spectra, providing a robust foundation for spectral classification and image segmentation
tasks. Each spectrum represents an energy distribution, with the energy axis (z-axis)
measured in kiloelectronvolts (keV) and the corresponding X-ray counts (y-axis) indicating
the intensity of the X-ray signal at each energy level. These spectra provide crucial
insights into the elemental composition of the measured mineral.

Simulated Data Synthetic spectra are generated using a proprietary algorithm that
simulates XRF spectra for user-defined mineral compositions E] This algorithm produces
synthetic spectra for mineral classes that match the technical format of real data (4096
channels, 0-50 keV range) for direct interoperability. Initial datasets exclude noise
and distortions to establish ideal performance benchmarks. Subsequently, real-world
distortions — such as Poisson noise, calibration shifts, and Bragg-reflections — are
systematically added to the synthetic data. These enhanced synthetic datasets serve as
the primary training data, allowing us to evaluate and improve model robustness under
conditions that closely mimic real measurements.

Real Data Measurements of real-world XRF spectra were conducted under ideal lab-
oratory conditions using the M4 TornadoE] XRF spectrometer. In the course of the
thesis, multiple mineral samples with varying compositions and spectral complexities will
be processed, including lithium-bearing minerals, such as granite, spodumene, quartz
or pegmatite. The collected data is stored in proprietary .bcf files and structured as
spatial maps. Each map represents an image in which each pixel corresponds to an XRF
spectrum.

The dataset consists of multiple .bcf measurement files collected across different projects,
such as lithium and gold exploration. The maps contained in these files vary not only in
image resolution - ranging approximately from 70 x 50 to 500 x 500 pixels - but also
in spatial resolution, as the pixel size is determined by the measurement step size (e.g.,
30 pm, 100 pm, etc.). As each pixel corresponds to an XRF spectrum, the total number
of spectra available for evaluation depends on the specific measurement files used. Initial
estimates suggest that across these .bcf files, the dataset contains on the order of millions
of spectra, though the exact number depends on the selected samples and their spatial
coverage. For example, the initial dataset has a resolution of (70, 50), though subsequent
samples vary due to differences in pixel spacing and acquisition settings. An exemplary
mineral sample exhibits a resolution of (458, 499), as illustrated in Figure [1| (left).

! Algorithm provided by Bruker Nano GmbH, developed by Timo Wolff, Fabian Nitsche and Dmitrijs
Docenko
Zhttps://www.bruker.com/products/m4-tornado-plus


https://www.bruker.com/en/landingpages/bna/bruker-nano-analytics.html
https://www.bruker.com/de/products-and-solutions/elemental-analyzers/micro-xrf-spectrometers/m4-tornado-plus.html

Each pixel spectrum contains 4096 energy channels, encoding elemental composition
information for the corresponding spatial position. The x/y coordinates in these maps
represent the physical position (um) of the measurement point on the sample surface
where each pixel stores a corresponding spectrum. This enables reconstruction of mineral
distribution maps. These spectra serve as benchmarks for evaluating models trained
on synthetic datasets. An example of a spatial map with the corresponding spectra of
lithium-bearing pegmatite is shown in Figure[I] The images are loaded and displayed
using the Hyperspylﬂ library.
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Figure 1: Example dataset of real measured XRF data. On the left, a spatial XRF map
of a lithium-bearing pegmatite mineral sample is shown. In this map, each
pixel corresponds to an XRF spectrum. The red-marked pixel indicates the
location for which the corresponding spectrum is displayed on the right. On
the right, the XRF spectrum of that red-marked pixel is presented, revealing
characteristic emission peaks that encode the elemental composition at that
spatial position.

Goals The core objectives of this thesis are:

e Achieving high classification and segmentation accuracy using CNN-based models
with attention mechanisms on XRF spectral data.

e Assessing the robustness of the models when faced with noisy, incomplete or
out-of-distribution data.

e Introducing real-world conditions into synthetic spectra to evaluate and enhance
model robustness and generalizability.

e Comparing model performance on ideal versus noise-rich datasets to assess improve-
ments in stability and practical applicability.

3https://hyperspy.org


https://hyperspy.org

3 Related Work

Recent advancements in deep learning, particularly convolutional neural networks (CNNs),
have shown promise in processing spectral data across domains like remote sensing and
material science [11,35]. CNNs excel at extracting hierarchical features from raw inputs,
making them effective for high-dimensional datasets |5]. In hyperspectral imaging, CNNs
have significantly improved spectral classification accuracy and robustness [30].

Recent advancements in deep learning for spectral data analysis include novel approa-
ches that reduce reliance on traditional preprocessing steps. The DeepSpectra model,
introduced by Zhang et al. [35], leverages a convolutional neural network architecture
enhanced with the Inception module to perform end-to-end quantitative spectral analysis.
Unlike conventional calibration methods, DeepSpectra directly processes raw spectral
data, bypassing the need for preprocessing or dimensionality reduction. Yuang et al. [32]
proposed a hybrid deep learning model that combines a one-dimensional convolutional
neural network (1D-CNN) for feature extraction with an attention-enhanced bidirectional
gated recurrent unit (Bi-GRU) for sequential modeling. This architecture effectively
captures both local spectral features and long-range dependencies, significantly improving
prediction accuracy for moisture content in sand gravel based on near-infrared (NIR)
spectroscopy.

In the realm of XRF data, Preisler et al. [22] introduced a deep learning algorithm
trained on synthetic datasets for the analysis of macro-XRF data. Applying a CNN
to a painting by Raphael, their approach achieved superior accuracy in determining
fluorescence line intensities and eliminated artifacts commonly observed in elemental
maps generated through traditional deconvolution methods. Similarly, Yang et al. [31]
introduced a hybrid framework (CBLA-Net) that combines fractional discrete wavelet
transforms (FDWT) for noise reduction with a convolutional neural network with a
Squeeze-and-Excitation (SE) attention mechanism for feature extraction, followed by
a BiLSTM layer. This demonstrates the potential of CNN-attention models for XRF
spectral classification, as attention modules can enhance feature learning by dynamically
weighting spectral contributions. Dirks et al. [§] applied autoencoder-based methods for
XRF spectral analysis, demonstrating the utility of machine learning in enhancing data
interpretation and parameter extraction.

Beyond classification, deep learning has also played a pivotal role in mineral segmenta-
tion using XRF and multimodal data fusion. Tang et al. [24] integrated micro-XRF with
micro-CT (micro-computed tomography) to enable three-dimensional mineral identifi-
cation, employing an EfficientU-Net deep learning model to segment ore samples with
improved precision. Since classification is often a prerequisite for segmentation, CNN-
based spectral classification can provide enhanced feature representations for subsequent
mineral mapping. Fang et al. [10] introduced two specialized deep learning architec-
tures for intelligent mineral sorting using X-ray absorption spectroscopy, including a
Transformer-LSTM model that effectively combines self-attention with sequential model-
ing to improve adaptability. Their RNN-overhead-xgboost approach further enhanced
fine mineral sorting accuracy, achieving a precision of 99.21%.



Despite these advances, challenges persist. Training CNNs often requires large datasets,
prompting reliance on synthetic spectra, which struggle with real- world domain discrep-
ancies. While previous works have independently employed CNNs; attention mechanisms,
and sequence models (LSTM, BiGRU, Transformers), this thesis proposes a hybrid
framework that first applies CNN models for XRF spectral classification, followed by seg-
mentation using the extracted spectral features. By integrating preprocessing strategies
and attention-enhanced architectures, this method aims to enhance mineral segmentation
performance under real-world conditions while maintaining computational efficiency.

4 Methodology

This thesis proposes the development of a novel machine learning framework for multi-class
classification of XRF spectra and mineral segmentation, where each spectrum is assigned
to one of several distinct mineral classes. The methodology progresses hierarchically:
first classifying individual spectra by mineral type, then generating spatial mineral maps
from pixel-wise classifications.

Preprocessing Stage Effective preprocessing is a crucial step to improve the quality of
XRF spectral data before it is fed into the model. Real XRF spectra often contain noise
and redundant information, which can degrade model performance. Synthetic and real
data will be processed differently to address their distinct characteristics. The synthetic
data starts noise-free and will be augmented with realistic distortions, such as Poisson
noise and calibration errors, to mimic real-world conditions. Real data, on the other hand,
is collected under ideal lab conditions. This data is preprocessed to reduce inherent noise
and standardize inputs. To harmonize synthetic and real spectral data, preprocessing
steps include:

e Baseline Correction and Normalization: Remove background noise from real
data and standardize intensity ranges in both datasets.

e Targeted Noise Augmentation: Applied only to synthetic data in order to
bridge the gap between idealized simulations and real-world conditions [22,25].

¢ Dimensionality Reduction: Principal Component Analysis (PCA) will serve
as the primary method to retain discriminative spectral features while reducing
noise [15]. If PCA underperforms, Variational Autoencoders (VAEs) will be explored
to generate denoised spectral reconstructions or latent representations for enhanced
feature extraction [3,9].

The model will be evaluated on both raw and preprocessed spectral inputs to determine
the impact of these preprocessing steps on overall performance.



Classification Stage This stage addresses a multi-class classification task, where each
spectrum is assigned to one mineral class, such as quartz, pegmatite or spodumene. A
CNN model will assign each spectrum to a specific mineral class based on its characteristic
peaks. CNNs are well-suited for this task due to their ability to learn hierarchical features
and identify local spectral patterns critical for distinguishing minerals [6},13].

The classification methodology will be approached stepwise to balance performance
improvements with practical considerations such as dataset size and computational
efficiency. The following steps outline the incremental development process:

1. Baseline CNN model: Initially, a 1D-CNN architecture will be developed to
classify individual spectra into mineral classes. This serves as the control model to
establish first benchmarks.

2. Attention Mechanisms: To improve the model’s ability to focus on critical
spectral regions like elemental peaks, lightweight self-attention modules will be
integrated. These mechanisms will dynamically weigh the importance of different
ranges based on their relevance to mineral discrimination [14}34].

3. Hybrid CNN-BiLSTM Model: A hybrid architecture combining a CNN and
Bidirectional Long Short-Term Memory layers will be tested only if the previous
CNN model struggles to capture long-range dependencies in spectral sequences
[1,123,1331|36].

4. Validation: Use stratified splits to evaluate performance, ensuring balanced class
representation in training, validation and testing sets.

Segmentation Stage Once spectra are accurately classified, the next step is to segment
the measured sample based on mineral composition. This segmentation assigns each
pixel in the spatial map to a mineral type, providing a visual and quantitative breakdown
of the sample’s composition.

1. Direct Pixel-to-Mineral Mapping: Assign each pixel to a mineral class directly
using the classification results.

2. Post-Processing: Apply morphological smoothing, for example erosion or dilation,
to the 2D mineral map to reduce isolated misclassifications and refine segmentation
[19].

3. U-Net/DeepLabV3+: Omitted, unless spatial context, such as mineral zoning
patterns, proves critical. Initial segmentation will rely on per-pixel classification
[20,27].

The segmentation results will be used to quantify the percentage of each mineral type
present in the sample. This final step enables mineral-specific insights and validates the
practical utility of the hierarchical approach [7,[12,|1§].



5 Evaluation Metrics and Performance Assessment

To ensure a comprehensive evaluation of the proposed deep learning framework, mul-
tiple performance metrics will be employed to assess the model’s effectiveness across
classification and segmentation tasks. The key evaluation metrics include:

e Classification Accuracy: Proportion of correctly classified spectra compared to
the total number of samples.

e Segmentation Accuracy: Pixel-wise accuracy in identifying the correct mineral
types.

¢ Robustness to Noise: Performance on datasets with varying levels of synthetic
noise.

e Out-of-Distribution (OOD) Detection: Ability to identify spectra that differ
significantly from the training data.

e Computational Efficiency: Evaluation of the model’s runtime and resource
requirements.
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