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First, we collected paintings.

]
TUDelft
7Clab

INTRODUCTION

Humans can visually differentiate between and within material classes, such as metal, skin, etc. This affords successful
interaction with the environment. This ability to visually differentiate seems to be driven by our ability to perceptually
judge attributes, such as glossiness, hardness, etc.

Interestingly, while the appearances of real materials are limited by the rules of chemistry and physics, materials as
depicted in paintings have no such constraints (Cavanagh, 2005): incongruencies between paintings and reality often go
unnoticed. These ‘alternative physics’ in art could lead to new insights for perception scientists, since they shed light on
Image triggers for perceptions.
In this study we first collected materials depicted in paintings and then collected perceptual judgements for each
stimuli.

RESULTS
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CONCLUSIONS

- Material property idiosyncrasies are material dependent, at least as perceived

In paintings.

- The similarities found between photographed and painted materials shows
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that material perception is independent of the medium of depiction.

- Global PCA space describes intra-category variations relatively well, but not

equally well for all materials.

some materials only differ on one or two attributes.
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