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Text-fig. 6. The effect of adapting at 7-1 ¢/deg. 4. The continuous curve from Text-
fig. 6 isreproduced. The filled circles and vertical bars are the means and s.E. (n = 6)
for re-determinations of contrast sensitivity at & number of spatial frequencies
while F. W.C. was continuously adapting to a grating of 71 ¢/deg., 16 log. units
above threshold. The exact procedure is described in the text.

B. The depression in sensitivity due to adaptation at 7:1 ¢/deg. is plotted, with
open circles, as relative threshold elevation against spatial frequency. The vertical
difference between each point and the smooth curve in Text-fig. 6 4 is the ratio of
sensitivity before and after adaptation. The relative threshold el ion is the anti-
logarithm of this difference minus 1, so that no change in threshold would give a
value of zero on the ordinate. The continuous curve is the function [e~~e—"]2,
fitted by eye to the data points. The filled arrows show the adapting frequency of
7-1 c/deg. The open arrow marks the value on the ordinate for a threshold el i
equivalent to 2,/2 times an average s.E. for determining contrast sensitivity.
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for re-d inati of sensitivity at & number of spatial frequencies
while F. W.C. was continuously adapting to a grating of 71 ¢/deg., 16 log. units
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B. The depression in sensitivity due to adaptation at 7:1 ¢/deg. is plotted, with
open circles, as relative threshold elevation against spatial frequency. The vertical
difference between each point and the smooth curve in Text-fig. 6 4 is the ratio of
sensitivity before and after adaptation. The relative threshold el ion is the anti-
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