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Compressed-Sampling-Based Image Saliency
Detection in the Wavelet Domain
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'23Faculty of Engineering, Department of Electrical Engineering, University of Mashhad,
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“Faculty of Electrical and Computer Engineering, Quchan University of Technology,
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Abstract

When watching natural scenes, an overwhelming amount of information is delivered to the Human Visual
System (HVS). The optic nerve is estimated to receive around 10® bits of information a second. This large
amount of information can’t be processed right away through our neural system. Visual attention
mechanism enables HVS to spend neural resources efficiently, only on the selected parts of the scene at
order. This results in a better and faster perception of events.

In order to perform saliency measurement on visual data, subjective eye-tracking experiments may be
carried out. These experiments involve using devices to track eye movements of a number of subjects while
they watch images or videos on a screen.

That being said, such devices are not very suitable in practice due to hardship involved with carrying out
experiments, such as need to have restricted test environment, being time consuming as well as expensive.
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Instead, researchers developed Computational Visual Attention Models (VAMS) in attempts to mimic the
HVS saliency prediction process.

Visual Attention Modclling has widcly been used in various arcas of image processing and
understanding. Computational models of visual attention aim (o predict the most interesting areas ol an
image to the observers. To this end, these models produce saliency maps, in which each pixel is assigned a
likelihood value of being looked at. In other words, saliency maps highlight where the most likely for viewers
to look at in an image is. Knowing the Regions of Interests (ROIs) can be helpful in applications such as
image and video compression, object recognition and detection, visual search, retargeting, retrieval, image
matching, and segmentation.

Saliency prediction is generally done in a bottom-up, top-down, or hybrid fashion. Bottom-up
approaches exploit low-level attributes such as brightness, color, edges, texture, etc. T'op-down approaches
focus on context-dependent information from the scene such as appearance of humans, animals, text, etc.
Hybrid methods combinc the two streams.

This paper proposes a new method of saliency prediction using sparse wavelet coefficients selected from
low-level bottom-up saliency features. Wavelet based image methods are used widely in image processing
algorithms as they arc especially powerful in decomposing images into several scales of resolutions. In our
method, first random compressive sampling is performed on wavelet coefficients in the Lab color space.
Random sampling enables a reduction in computational complexity and provides a sparse representation of
the coctficients. The number of decomposition levels is chosen based on the information diffusion property
of the signal. In the proposed method, the sampling can be done at a rate different than the Nyquist rate,
and based on the sparsity degree of the signal. It is shown that having the basis vectors of a sparse
represcntation of the signal, can result in an accurate signal reconstruction. In this work, the sparsity degree
and thus the sampling rate is computed empirically. Next, local and global saliency maps arc generated from
these random samples to account for small-scale and large-scale (scene-wide) saliency attributes. These
maps are then combined to form an overall saliency map. The overall saliency map therefore includes both
local, and global salicncy attributes. The main contribution of this paper is the usc of compressive sampling
in creating a novel wavelet domain representation for image saliency prediction.

Extensive performance evaluations show that the proposed method provides a promising saliency
prediction performance while the computation complexity remains reasonable, thanks to the dimensionality
reduction of compressive sampling. In particular, the proposed method demonstrated favorable precision,
recall, and K-measure, when compared to state-of-the-art saliency detection methods, over large-scale
datascts. We hope the proposed approach brings idcas to the salicncy analysis rescarch community.

Keywords: Saliency map, visual attention, wavelet transform, sparsity, compressive sampling
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Fusion For [Final Salicncy

SMap(x, ) = M(Fy (x, y) x ") %,

j SMap(, )

SMP i (5,39 = (SMAP(E VL~ i (5, 30),
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(Figurc-1): Flowchart of the proposcd method
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(Figure 2): An example showing local and global salicney maps (rom the proposed mcthod. A) Input image, B) Final saliency map, C)
Local saliecncy map, and D) Global saliency map
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