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|dentifying the commercial materials used in an artwork is central to its conservation
and art-historical study. Yet, because no single analytical technique captures a paint's
full signature, reliable identification means combining several complementary
methods, a slow and labour-intensive process. In this work, visible—near-infrared
(VNIR) reflectance spectroscopy and macro-X-ray fluorescence (MA-XRF) images
were fused to automatically identify paints from five historical Blockx colour charts,
using machine-learning methods.

Produced between 1909 and 1976 (with two variants of the 1920 chart), the charts
vary in conservation state, support, and preparation layer, providing documented,
known-composition swatches and a realistic test of robustness under heterogeneous
conditions.

Figure 1. Historical Blockx colour charts (1909—1976) used in this study, varying in conservation state, base layer and support.
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RESULTS

Figure 4. MA-XRF image of Zn K line registered on a
grayscaled image of the VNIR reconstructed image before
registration (left) and after (right).

Fusing VNIR + MA-XRF beats either modality alone (best model:
MLP, 0.826 accuracy / 0.789 macro-recall). Pigments with a

unique diagnostic element or distinctive reflectance (cobalts, 08 -

cadmiums, vermilion, chrome greens, ultramarine,...) classify DISCUSSION
near-perfectly. The largest remaining confusions concentrate in -
two chemically coherent groups: the iron-oxide earths and the
carbon-based darks, whose flat spectra offer little to tell them

apart. Nasturtium Yellow, a Madder Lake-based paint, confuses
with Madder Lake and Red Iron Oxide, its actual components, as

1.0

Beyond raw accuracy, the SHAP analysis
indicates that the classifier is relying on
meaningful spectral and elemental signatures
rather than dataset artefacts. The model

well as with the similarly hued Cadmium Red. More broadly, a | VNIR ooty VIR + XRE appears to have learned underlying chemical
few pigments are poorly represented in the dataset (present on Figure 5. Accuracy of the four models on VNIR, XRF and fused VNIR+XRF inputs. relationships rather than simply memorizing
only two or three charts) and tend to fail when one of their chart-specific patterns. The fact that most
distinctive charts is held out, since the model must then identify errors recur across multiple charts, rather than
them from limited and possibly dissimilar examples. Within the clustering within a single chart, further supports
iron-oxide classes, finer historical distinctions are not recovered. | VNIR - XRF this interpretation: the model is capturing
The reds grouped as Red Iron Oxide, for instance, are all A | l-- genuine similarities between materials, rather
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hematite. They differ mainly in trace elements (calcium,
potassium, sulfur). Resolving the finer distinctions likely needs
additional spectral information.
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than chart-specific quirks. This is essential for
reliable transfer to previously unseen artworks.
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Figure 6. Confusion matrix aggregated over all held-out charts (true vs predicted class).
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