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Figure 1. Sample scenes for each target global property pole. Each property is shown in a 2x 2 square with 2 examples of the propertys
low pole shown in the top row and 2 examples of the propertys high pole shown in the bottom row.

produced a signibcant main effect of property on reactionDiscussion
time (F(3,42) = 50.4p G0.001).

A second bnding was that there were signibcant search As noted earlier, global scene properties are readily
asymmetries (Treisman & Southé989. Search for urban identibable in a fully attended display. Indeed, observers
targets among natural produced shallower slopes thain Greene and OlivaO20098 study could reliably
natural among urbant(@8) = 2.08,p G 0.05), search for classify these specibc images after 19945 ms of viewing
highly navigable images was more efbcient than for non-time. Nevertheless, this experiment demonstrates that such
navigable imagest(28) = 5.09,p G0.001), and search for global properties do not support efbcient search and,
images with a high degree of transience was more efbcientherefore, do not appear to be sources of guidance. The
than search for low-transience imagef€8) = 2.86,p G current results are not in dispute with Greene and Oliva
0.01). Search slopes did not signibcantly differ between(2009h. The ability to rapidly classify a single, attended
large- and small-depth target€28) = 1.14,p = 0.27). property does not imply that the property should guide

search. To take a simple example, the digits 020 and 050
can each be rapidly identibed in isolation, but search
Accuracy for a 2 among a beld of 5s leads to inefbcient search

Despite producing such inefbcient search slopes, participant&wak, Dagenbach, & Egeti,99]). Furthermore, although
were very accurate in their searches. Ovelallas 3.31 (false  the categorization of a single object can be very rapid
alarm rate: 3.7%). By property pold, ranged from 3.1 for  (Grill-Spector & Kanwisher2005, search for a particular
large depthto 4.4 for natural There was no main effect of object among others is not efbcient (Biederman, Blickle,
property pole on search accurady(X,14) G 1). Teitelbaum, & Klatsky, 1988 Vickery et al., 2005.

Critically, set size did not signibcantly interact with Likewise, search for material type is inefbcient (Wolfe
accuracy F(9,126) G 1), suggesting that participants did & Myers, 2010 despite rapid classibcation of single
not become less accurate with increasing numbers omaterials at the center of attention (Sharan, Rosenholtz, &
images. Adelson,submitted for publication
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Figure 2. Reaction time as a function of set size for the four global properties: (a) Naturalness, (b) navigability, (c) transience, and (d) mean
depth. Circles show the case where one pole served as target. Squares show the other pole. Target-present trials are represented with solid
lines and target-absent trials with dashed lines. Error bars representTl SEM.

We cannot attribute search inefpciency to a failure toaveraged results suggest that search slopes are not strongly
understand the global scene properties. The high level ofelated to the time required to identify each item =
accuracy in the search shows that once an image was-0.10,p = 0.90). Identibcation ofnean deptltonditions
attended, the properties were perceived and then correctlywas not much slower than identibcation médtural and
classibed. Nor is the inefbciency due to a need to bxateirban scenes. However, searchiimean deptrconditions
each item in order to categorize it. Given 3b4 bxations perielded slopes many times less efpcient than search in
second, we do not begin to suspect a need for bxatiomaturalnessconditions.
until target-present slopes are over 100 ms/item and this Nor is it obvious how to explain the search asymme-
only occurred for thenean depttconditions. tries. It is easier to Pnd urban among natural, highly

The inefbciency of global property searches suggestsiavigable among non-navigable, and highly transient
that such properties cannot be extracted in parallel fromamong static than vice versa. Were one global property
multiple images. In this case, what determines the rate ofpole to support efbcient search, then we might follow the
global property search? One hypothesis would be that thergument that it is easier to Pnd the presence of this Obasic
slope of the RTx set size function should be related to featureO than to Pnd its absence (Wolfe, Klempen, &
the time required to identify a global property in a single Dahlen,2000. For example, it is easier to bPnd a moving
scene. An estimation of this time (viewing duration stimulus among static distractors than vice versa because
required for 75% correct classibcation) was made hyit is easier to detect the presence of motion than its
Greene and Oliva 20098. The relationship of the absence (Dick, Ullman, & Sagil987. However, this
identibcation time and the average slope is shown inlogic does not hold when the easier of the pair of search
Figure 3 Although a more stringent test of this relation- slopes is inefbcient. In this case, all that can be said is that
ship would compare identibcation times and slopes forit is easier to search through one type of scene when it is
the same, individual observers, these between-observethe distractor than the other. In this case, that would mean
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Figure 4. Examples of (top) natural and (bottom) urban images used as targets forExperiment 2.

The procedure foExperiment 2was otherwise identical Grayscale &
to Experiment 1 average amplitude

. ) 1000+
Results and discussion

@
S
Trials with reaction times under 200 ms or over 4000 ms @ g < Avg amplitude (natural) 83 ms/item
were discarded from analysis; 1.3% of total trials were £
: o . =
rejected (less than 10% of trials from each observer). 5 o Avg amplitude (urban) 29 msfitem
"g 600 - O Grayscale (natural) 32 ms/item
@

. . @ Grayscale (urban) 11 ms/item
Reaction time

Figure 5 shows target-present reaction times as a 400 ————v—r
function of set size for all conditions dExperiment 2 T 2 3 4
Two points can be made here. FirExperiment 1can be Set size
replicated. Search for natural scene images among urban Color &

or vice versa is not efbcient even if it is more efbpcient than phase scrambled
search for the other global scene properties tested in the
brst experiment. Second, the grayscale conditions shows
that the relatively efpcient search for urban and natural 1000+ A Phase scramble (natural) 93 ms/item
scene images in the prst experiment was not based on g
color signal {(34) = 1.45,p = 0.15). If anything, grayscale £
images produced slightly more efbcient search with urban® ggg-
grayscale targets producing a slope of just 11 ms/item.=
This Pnding is in agreement with others showing little
contribution of color to rapid scene understanding

A Phase scramble (urban) 70 ms/item

[ Color (natural) 45 ms/item

Rraction

(Delorme, Richard, & Fabre-Thorp200Q Fei-Fei, Van 600 W Color (urban) 23 msfitem
Rullen, Koch, & Perona2005, although the use of color
depends on stimuli and task (Castelhano & Henderson, a0
2008 Oliva & Schyns,2000. 1 2 3 4
While the color signal does not seem to have been of Set size

much use, observers used the Fourier amplitude signal.

When Fourier amplitude information was rendered non-Figure 5. Target-present reaction time as a function of set size for
diagnostic in the average amplitude condition, searchall conditions in Experiment 2. Natural scene targets are shown
slopes increased signibcantly to 55.4 ms/itetf84) =  with open symbols and urban scene targets are shown with
2.28,p G0.05), suggesting that amplitude plays a role in closed symbols. Error bars represent TL SEM.
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