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Nano-heterostructures are inherently challenging to characterize due to the presence of spatially and
often spectrally overlapping signals when using energy dispersive X-ray (EDX) spectroscopy or electron
energy loss spectroscopy (EELS) techniques. In addition, inherently low signal yields from such small
volumes and electron beam damage often limits signal quality. New image and spectral processing
routes are needed to address these issues [1].
Here, we use a machine learning technique, called independent component analysis (ICA) [2], to unmix
EDX signals originating from core-shell nano-magnetic particles. The ICA method, executed in
HyperSpy [3], blindly decomposes the mixed signals into three components, which are found to
accurately represent the isolated X-ray signals originating from the bi-metallic core, shell and supporting
film (Fig. 1). The composition of the core is verified by and is in excellent agreement with the separate
quantification of bare bi-metallic seed nanoparticles from the same synthesis. This validation provides
the crucial evidence needed to justify the use of the technique in the analysis of individual phases in
heterogeneous nano-scale volumes, without the need for their mechanical separation or separate analysis
at each step in a multi-step synthesis procedure. The machine learning approach also efficiently handles
noisy data, and can differentiate true spectral and spatial information from underlying noise, minimising
the required sample beam dose [4].
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Figure 1. (a) An EDX spectrum image obtained from a cluster of core-shell nanoparticles. (b) The
nanoparticles are comprised of a bi-metallic Pt/Fe core surrounded by an iron oxide shell on a carbon
support. (c) ICA decomposes the mixed EDX signals into components representing the core (IC#0),
shell (IC#1) and support (IC#2).
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