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Which one Is a better model?

[for predicting human fixations on this image]

Control/baseline model
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USC Benchmark (Borji et al., 2012)



Attention Models

A hierarchical illustration of saliency models.
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SaliencyEvaluation
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Modeling visusl altenticn, specialy botiom-up and imago-riven sakency,
has Boen the sulject of many research efforts in the past 20 years, Thom
s mary modsls avadadie now which hive boen avalusted over Siferent
datisols uaing vanous evalualion measure

Our migsion, haee is 10 unify the resasech in visusl stiention modeling by
shasing

evaluption softwanss and benchmark datasels, In this Srection, we Mave
aleady man and evaluated nearly 30 saliency modals over synthetic
IMages, oye movement ditasets on il images and videos

We hope Pal, cur effots have Peips sotting S0 standand benchenark
ditasols a0 evaiuaton scoms for Tar evakmation of models and theswfore
bocaling advancement in salency modeling research.

Clearty, the success of this progact is Rghly dependant on conteutions
of ak researchans
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Nouomomptic Vision Ce+ Toolkt {NVT) developed af iLab, USC,
hitp/ilab. usc edutocikit/. A saccade is targetied 10 the location that

Is dfferent from &3 sunoundings in several foature charnels. In this freme
of 8 video, stiertion s strongly doven by motion saflency

Borji et al., IEEE TIP 2012




Model Benchmark

Ass saliency models (including
baseline models; e.g., Gaussian,
10, Entropy, ...)

As4 synthetic patterns and 5
datasets of natural scenes (3 still
image, 2 video)

A3 evaluation scores (CC, NSS,
shuffled AUC)

Abiscussion and analysis of
challenges (e.g., center-bias,
evaluation scores, dataset bias, ...)

ARun-time analysis

AAnaIvsis of worst and best stimuli

for models

Borji et al., IEEE TIP 2012

Aall models lag behind the human inter-observer
model

AThe top performing model over static and
dynamic natural scenes is AWS (Garcia-Diaz et
al. 2009); it also performed second best with
synthetic images

Asome models are very fast, yet yield
competitive eye movement prediction accuracy

ADifferent models often have common
easy/difficult stimuli

AAnaIysis of datasets reveals that existing
datasets are highly center-biased, which
influences some of the evaluation scores

Awe recommend using the Shuffled AUC score
for tackling center-bias



