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Abstract

The Difference of Gaussian (DoG) saliency maps origi-
nally proposed by Koch and Ullman had information chan-
nels for intensity, opponent colors, and edge orientations,
but from the beginning it was suggested that additional
channels could and should be added. This paper addresses
selective attention in video sequences, and adds motion
channels to the saliency maps. The resulting attention win-
dows display better-than-random correlation to the eye fix-
ations of human subjects.

This paper is not the first to add motion data to saliency
maps. It is, however, the first paper we know of to explicitly
compare the performance of saliency maps with and with-
out a motion channel. The surprising negative result is that
adding motion channels does not improve the performance
of saliency-based selective attention, as measured by corre-
spondence with human eye fixations. We draw two conclu-
sions from this experiment: (1) although motion is clearly a
critical attentional cue, the saliency map model may not ex-
tend as easily to motion data as some people (ourselves in-
cluded) thought; and (2) the standard evaluation metric for
selective attention algorithms – better than random corre-
lation to human eye fixations – is outdated. Our community
needs to focus on comparative studies between algorithms
instead.

1. Introduction

One of the hallmarks of human vision is selective atten-
tion. We are not simply the passive observers of scenes, but
instead actively seek out information through a complex,
multi-step process of selective attention. The first step is
overt attention in the form of eye and body movements that
fixate our foveas on points in a scene. On every fixation, a
two degree field of view window falls within the fovea and
is therefore available for high resolution processing. The
remaining steps of selective attention tend to be grouped to-

gether, and are collectively known as covert attention since
they cannot be externally observed. There are reasons to
believe that covert attention includes early spatial attention
[23] followed by feature-based attention [5] and finally late
attention [1]. Capacity theory [7] integrates these results by
suggesting that vision is a multi-stage pipeline (or conveyor
belt [2]), with limited resources at every step. Attention is
the process by which data is reduced to fit the available re-
sources at every step of the visual process (see also [14]).

Computer vision systems may use selective attention to
select windows from larger images (e.g. [6, 26]). In this
context, selective attention systems can be thought of as
analogues to human overt attention and/or the first, spa-
tial stage of human covert attention. Most of these sys-
tems employ a version of saliency maps, as first intro-
duced by Koch and Ullman [12]. In this approach, the
image is divided into low-level information channels, such
as intensity, opponent color, and edge orientation chan-
nels. These channels are then filtered at multiple scales
with Difference-of-Gaussians (DoG) filters that simulate
on-center/off-surround processing. The resulting saliency
values are summed across scales and channels to produce
saliency maps. Attention windows are selected at the peaks
of the saliency map, with an inhibition-of-return function to
prevent repeatedly selecting the same window in temporal
image sequences.

Saliency maps have been highly influential in the com-
puter vision community, but the evaluation of saliency maps
as a cognitive model has been lax. Most reported studies
that evaluate saliency maps as cognitive models compare at-
tention windows generated by saliency maps to random se-
quences of attention windows. This is a very low standard
of comparison. Moreover, although many saliency-based
attention systems have been implemented, too few studies
measure the impact of specific information channels and/or
algorithm steps (e.g. normalization).

This paper reports on an experiment in adding a mo-
tion channel to saliency-based bottom-up selective atten-
tion. The traditional saliency model of selective attention in
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