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Example for the detection of faint elongated objects using across-orientation normal-
ization. (a) original video frame with three faint, elongated objects marked; (b) the
frame after background subtraction according to eq. 6.1 (contrast enhanced for illus-
tration); (c) the orientation conspicuity map (sum of all orientation feature maps)
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the object and is not due to object II. Compare with (d), where object IT as well as the
marine snow particle create activation. In the map with normalization (d), all three
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frames is exaggerated threefold in this figure for illustration. . . . . .. ... .. ...
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Experimental set-up. Each trial starts 1300 ms before target onset with a blank gray
screen. At 650+25 ms before target onset, a white fixation dot (4.1’ x 4.1") is presented
at the center of the display. At a variable cue target interval (CTI) before target onset,
a word cue (0.5° high, between 1.1° and 2.5° wide) appears at the center of the screen
for 17 ms (two frames), temporarily replacing the fixation dot for CTIs less than 650 ms.
At 0 ms, the target stimulus, consisting of a gray-level photograph and a color frame
around it, is presented at a random position on a circle around the fixation dot such
that the image is centered around 6.4° eccentricity. After a stimulus onset asynchrony
(SOA) of 200-242 ms, the target stimulus is replaced by a perceptual mask. The mask
is presented for 500 ms, followed by 1000 ms of blank gray screen to allow the subjects
to respond. In the case of an error, acoustic feedback is given (pure tone at 800 Hz for

100 ms), followed by 100 ms of silence. After this, the next trial commences. . . . . .

Histogram of the reaction times of all trials. Trials with reaction times below 200 ms
and more than four standard deviations above the mean (above 995 ms) were discarded
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Reaction times (top, blue) and error rates (bottom, red) for single task blocks, task
repeat trials, and task switch trials in mixed blocks for n = 5 subjects. Error bars are
s.e.m. For RT, both mixing and switch cost are significant at a CTI of 50 ms, but not
at CTIs of 200 ms and 800 ms (p > 0.05, t-test). The drop of the single task RT at
200 ms compared to 50 ms and 800 ms is not significant (p > 0.05, t-test). For error
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Mixing cost in RT (blue) and error rate (red) for all subjects for CTI = 50 ms, plotted
by task group. While mixing cost in RT is significantly higher for IMG than for COL
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Switch cost in RT at a CTI of 50 ms for different switch conditions (blue) and pooled
over all conditions (white). The white bar corresponds to the difference labeled as
CRIL . in figure 7.4. Error bars are standard errors as defined in egs. 7.3 and 7.4.
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fourth row) — the pixels marked with a red cross are removed; (B) integral operation
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