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Fig. 6. Fixating on the uniformly gray circle produces differing amounts of gradient filling-in within the
circle. The figures are constructed as follows: (a) a uniformly gray circle surrounded by gradient
background, (b) a uniformly gray circle surrounded by uniform light and dark gray patches with a gradient
at the bottom and top of the square, (c) a uniformly gray circle surrounded by a gradient with uniform light
and dark gray patches at the bottom and top of the square, respectively, (d) a uniform circle with a vertical
gradient bounded left and right by identical uniform gray patches. The gray circle is at 50% density and the
gradient background ranges linearly from 10% to 90% density.

local amplitude of image contrast. The design was primarily motivated by the retina,
in particular, the horizontal cell’s feedback mechanism to cones. Through the pooling
of excitatory and inhibitory inputs at multiple spatial scales, our architecture adjusts
the dynamic range of the sensor and recovers contrast information without a priori
knowledge of the illumination. The simulation results suggest that our model for
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controlling contrast sensitivity is capable of discounting variations in illuminant
intensity and position while producing outputs without response saturation or com-
pression. However, the experiments using SPI image reconstruction show that
information produced by this output, equivalent to the balanced receptive field ON
channels, is insufficient to recover surface reflectance.

Our model realistically captures luminance contrast and it is contrast, not absolute
change in luminance, that defines the response of the photoreceptors. Furthermore, our
sensitivity control module resolves the problem of deciding which threshold level
should be applied to derivatives of luminance discontinuity. An appealing aspect of
our model is that it naturally incorporates the concept of an [-R transfer characteristic
that can be shifted in intensity domain and the shift is determined by the average
illumination in the surround; the half-maximal response point on the I-R curve
corresponds to the average illumination in the surround. This point appears to be
equivalent to the gray level. Another interesting aspect of our model is that the
feedback supplying information about background illumination has been averaged from
different spatial extents. This helps to capture border contrast and also provides a
better approximation of mean luminance over various spatial domains.

Our simulation architecture raised many critical questions about what types of and in
what manner visual information must be combined to form lightness constancy. One
issue is how to combine the multiple resolutions of averaging for the feedback signal.
In fact it is conceivable that judicious combination of various surrounds might improve
the brightness information encoded in the contrast response at the ON and OFF
channels.®® A related problem is how many of these different sizes are needed and at
what distance apart.”* Another question that we do not address explicitly in this model
is the dichotomy of ON and OFF pathways which, as postulated by Hering in 1878,%%
are apparently implicated in encoding increments of brightness and darkness
respectively.®?-26:3% Neither have we resolved the problem of encoding white-to-black
as a separate dimension from the brightness-to-darkness attribute of the image.
Conceivably the complete model must involve simultaneous participation of a rod
pathway and a separate cone pathway. Cones are involved in lightness computation
and contribute to the high-contrast encoding of brightness and darkness. Meanwhile,
the rod pathway encodes brightness only in dark adapted states. The transition from
rod to cone regime involved in light adaptation as for example during the early
morning hours results in change of the slope of the visual system’s transfer
characteristic, from shallow (saturated rods and cones) to steep (cones only). This
change in slope can account for the phenomenon of white growing brighter and dark
becoming darker with increasing illumination. '

Because different cones can have feedback conveying average luminance from
differing spatial surround, their half-maximal response points of the I-R curves could
be displaced with respect to each other in any complex scene. In fact cones with small
feedback or none at all would directly encode the luminance of the field, while those
with spatially large feedback would serve to encode in their contrast the average
luminance level. The half-maximal point on the I-R transfer characteristic of the cones
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can be considered as a critical ratio point between center and surround luminance.
Thus when the cone ‘‘sees’” the intensity of a target pixel that is below this
half-maximal point the cone encodes the pixel as a surface lightness. On the other
hand cones set at the intensity above the half maximal point convey scene brightness
information. Any cone can encode lightness or brightness in different scenes. The
interpretation of whether the contrast response of a cone changes lightness or
brightness is determined by the cone’s surrounding luminance. In fact for any complex
scene some cones will be set below, some will be set above, and others will be set
exactly at the half-maximal response point. Thus the same system can capture
simultaneously brightness and lightness in the contrast response of the cones. This is
consistent with psychophysical observation reported in the literature,*8:35:50.4

Future models must also reconcile continuous shifting of the I-R transfer character-
istic when the luminance ‘‘seen’’ by each cone changes. In other words, at issue is
how sensitive the surround is to luminance changes in the center and what the balance
is between center and surround. In fact, assuming balanced C—S receptive fields, it is
not clear how to decide whether the change in the contrast response of the cone or
bipolar is caused by the corresponding change in the luminance of the surround or the
center. Clearly, balanced receptive fields at the retinal and LGN level make
computation such as filling-in more difficult. In fact it seems conceivable that
receptive fields of at least retinal neurons are not balanced as assumed in computer
vision by Marr.%*4%:¢ Yet the synergistic relationship between center and surround has
to be actively maintained, otherwise cells will readily respond maximally or minimally
to variations in illumination. Assuming that a wide number of quiescent and saturated
responses can somehow become a distributed representation of a region’s reflectance
skirts the problem by moving luminance interpretation to higher stages in the visual
system.

Another shortcoming of our model is that it does not explicitly encode the
black-to-white dimension. Hering proposed that white and black are results of
comparisons between antagonistic channels.®® It is not clear at the present how such a
black—white neuron would operate and where it would be located. Furthermore, the
response of such a neuron, signifying a level of white or black, must be relatively
independent of the illumination domain over which cones operate. Clearly a reference
point is needed, such as white, as suggested by Land in his Retinex algorithm.
However this white reference or highlight must not be subjected to modulation by the
lateral inhibition mechanism. This suggests that perhaps there is a third pathway such
as W ganglion cells to convey the level of whiteness in the scene where white is a
combination of all colors. However, since cones must be involved, their center—
surround antagonism could in principle modify the ‘‘white”” signal. Alternatively, the
reference point is gray, which is always present in any complex scene and it can be
equated to the half-maximal response point on the I-R operating curve of both ON

and OFF channels.
As a consequence of our SPI output, we concluded that ON channel information

cannot produce, in a bottom-up fashion, surface lightness. In our model, the primary
reason for the loss of surface lightness information is the use of a theoretic balanced
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receptive field which yields a mean level response to a uniform surface, independent
of illumination. Currently, our system uses the amplitude of ON channel information
and its derivative at luminance discontinuities as input to SPI. As shown in Fig. 5 this
information is insufficient to correctly estimate, in a bottom-up fashion, actual surface
reflectance or lightness. Gathering additional surface Iluminance information would
assist SPI reconstruction by suggesting whether or not a surface actually has a
luminance gradient. Possible mechanisms for this information are unbalanced receptive
fields, comparison of ON and OFF spatial/temporal nonsymmetrical channels, varying
spatial scales, and top-down biasing and control. The additional bottom-up data could
be used to modulate SPI to output a uniform surface lightness. But, as shown in the
centers of Fig. 6, there are occasions when the uniformity of a surface should be
discounted. So unbalanced receptive field output must be complemented with a
mechanism to integrate that information within the scene’s context. The integration of
multiple spatial scales could provide a solution by trading off low frequency region
information with high frequency boundary data.

A future objective of our work is to determine if the ensemble of underlying,
bottom-up lightness constancy processes can also account for many well known
contrast effects including illusions such as Craik-O’Brien, Cornsweet, repeated
Cornsweet, and missing fundamental;’*'#13-3! these border illusions are by-products
of lightness constancy mechanism(s). And, conversely, the various preattentive border
illusions suggest how the visual system encodes and utilizes contrast information to
perceive surface reflectance. Also of interest is a real contrast, because it quantifies the
non-linear interaction of multiple spatial scales in lightness perception,'00:2%86
Through the parallel investigation of several contrast encoding and interpretation
models, we hope to understand the processes underlying the perception of surface
reflectance.

5. SUMMARY AND CONCLUSION

There is extensive psychophysical and physiological evidence suggesting that
contrast is the salient feature used in capturing and characterizing lightness constancy.
We constructed a model motivated by the structure and function of the retina that
exhibits a measure of lightness constancy behavior by maintaining contrast sensivity
largely invariant to illumination conditions. Our sensitivity control module uses spatial
summing and inhibitory feedback to maintain contrast response under varying
illumination by shifting the overall narrow domain of a photosensor, thereby
simulating the output of ON channel cells in biological vision systems. To determine
how sufficient ON channel information is in encoding surface lightness, we developed
a sparse primitive interpolation technique that illustrates how surface reflectance
derives from contrast information adjacent to luminance discontinuities. It was shown
that ON channel contrast boundary information was suggestive of surface reflectance,
but not sufficient for accurate bottom-up surface reconstruction. Additional bottom-up
information in the form of ON and OFF channel comparisons, unbalanced receptive
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fields, and multiple spatial scales along with top-down surface feature detectors may
be required for complete surface lightness reconstruction.
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