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Introduction

X-ray fluorescence (XRF) spectrometry has been proven to be a core, non-destructive, analytical technique in cultural heritage studies, mainly because of its non-invasive character and ability to reveal the
elemental composition of the analyzed artifacts rapidly. With the recent advances in scanning XRF spectrometers capable of attaining data on macroscopic dimensions (MA-XRF), XRF is excessively used for the
In-situ analysis of works of art. Characteristic transition intensities extraction per pixel from the scanned images, signifying the elemental distribution, have nonlinear correlations with the measured spectra due to
transitions overlapping, scattered radiation, and artifacts like escape peaks, pile-ups, and Bragg peaks. For this reason, elemental analysis requires time and human intervention with appropriate software [1]. To
facilitate and improve data processing, we explore advanced machine learning techniques to predict elemental maps of the main elements of paintings scanned with M6 Jetstream (Bruker). We test and compare

different architectures of neural networks (NN), like deep multilayered perceptron (MLP) and deep convolutional neural networks (CNN), to find the optimal model for achieving accurate prediction.
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abs(z) > 3, respectively. Finally, we compute the Structural Similarity Index (SSIM) [2]
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