Abstract
Even though the study of saliency for color images has been thoroughly investigated in the past, very little attention has been given to datasets that cannot be displayed
on traditional computer screens such as spectral images. Nevertheless, more than a means to predict human gaze, the study of saliency primarily allows for measuring in-
formative content. Thus, we propose a novel approach for the computation of saliency maps for spectral images. Based on the Itti model, it involves the extraction of both
spatial and spectral features, suitable for high dimensionality images. As an application, we present a comparison framework to evaluate how dimensionality reduction
techniques convey information from the initial image. Results on two datasets prove the efficiency and the relevance of the proposed approach.

Center-surround feature extraction

While RGB-based saliency analysis involves the extraction of color and intensity channels prior to
the center-surround differences computation, we propose to decouple color from intensity during
this latter step, by means of relevant comparison metrics:

— Spectral Angle (SA) allows for an intensity-decoupled comparison of reflectance spectra. For a
given couple of pixels with respective spectra being noted s1 and s2, theSA is given by the follow-
ing formula:

SA(Sl,Sg) — 52
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— Spectral Norm Difference (SND) depicts the difference, in terms of amount of reflected light,
between two spectra. It is given by the following formula:

SN D(s1,s2) = abs(||s1]| — ||s2]|)

Spectral Angle Spectral Norm Difference

Example of reflectance spectra

In the common case of spectral
images ranging outside the visible
wavelengths (400-700nm), one can no
longer talk about visual attention, but
we believe this study to be relevant
nonetheless, since its first aim is to
provide a measure of

informative content.

Reflectance value
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_—— sdliencymap_— Application to the evaluation of dimensionaliity reduction

In order to compare the different tri-stimulus composites, we have considered two simple metrics

. & that we will refer to as Saliency Discrepancy. SD1 is based on a basic pixel-wise difference of
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SD2 is based on Shannon’s Mutual Information
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Below: Composites obtained from two 31-bands multispectral images by means of PCA, LP- and

A ENTropy-based band selection. The second row depicts the corresponding saliency maps.
Conspicuity and final saliency maps for the “Flowers” image. B 4 ' . |

From left to right: SA, SND and Orientations. A
| S/i ‘
B On theright: results of Saliency Discrepancy on the two datasets and for each method.
& Both metrics are in accordance to elect LP as the ¥ g PCArgy| LP
& most suitable method for the visualization of the |qD1 Flowers™ | 13.20 '
. " "MacBeth” | 23.95 .
P& "MacBeth"target. However, SD1 ranks ENT as the

worst method for both images while SD2 gives "Flowers” | 19.41
PCA as the method conveying the less saliency. ” MacBeth”

Conspicuity and final saliency maps for the “Macbeth” image.
From left to right: SA, SND and Orientations.
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