
Neural networks for visual 
perception in variable 

illumination 
By Stephen Grossberg 

O n March 1 6 , 1 9 8 7 , the International Neural Net
work Society (INNS) was formed. Members be
gan to join that July, and by Apri l 1 9 8 8 , only 1 0 

months later, INNS had over 2 , 0 0 0 members from 3 4 
countries and 4 7 states of the United States. Members 
have joined from the fields of psychology, neurobiology, 
computer science, mathematics, physics, engineering, and 
medicine. More than 5 0 0 people submitted contributed 
articles for the first INNS annual meeting, which will be 
held September 6—10 in Boston. 

These are extraordinary statistics by any standard. Why 
is there so much interest in the neural network field? 
Many engineers have been drawn to the field because neu
ral network researchers have discovered promising ap
proaches to the many types of problems for which adap
tive, massively parallel, fault tolerant solutions are needed, 
and for which neural networks will run in real-time when 
they are realized compactly in specialized hardware (see 
the December 1 9 8 7 issue of Optics News and the Dec. 1, 
1 9 8 7 issue of Applied Optics). 

In addition, the most advanced neural network archi
tectures are providing examples of intelligent systems ca
pable of autonomous learning and skillful performance 
within complex and noisy environments that are not un
der strict control. Such examples and future possibilities 
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The most advanced neural network 
architectures are providing examples of 

intelligent systems capable of autonomous 
learning and skillful performance within 
complex and noisy environments that are 

not under strict control. 

have helped generate a high level of enthusiasm among 
people working in the field. 

Much of this enthusiasm also derives from the fact that 
many neural network design principles, mechanisms, and 
architectures were discovered through analyses of the hu
man mind and its neural mechanisms. What engineer or 
scientist would not be tempted by the opportunity to un
derstand better this most personal possession? 

The architecture is the algorithm 
How can one intellectually distinguish neural network 

research from other approaches to the study of intelligence 
and control? To fully clarify this issue, one needs to distin
guish several types of neural network contributions, their 
mutual relationships, and their relationships to other re
search areas. Although full documentation of these dis
tinctions cannot be developed here, two main points can 
quickly be made. 

First, there exists a continuum of neural network mod-
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els, from contributions that compete with a number of 
alternative research approaches, to contributions for 
which neural nets have offered unique approaches for 
which no competitors yet exist. The latter type of model 
represents the truly revolutionary potential of neural net
work research. But even in the former type, neural net

work researchers have contributed new computational 
theories and design ideas to the solution of their targeted 
problems. 

In all of these cases, the neural network model repre
sents a natural realization of the new computational the
ory. Some people like to summarize this by saying that 
"the architecture is the algorithm." This direct relation
ship between these new computational theories and their 
architectural realizations provides a blueprint to engineers 
for implementing neural network models in hardware, 
and is one reason why many optical engineers have been 
drawn to this field. Recent results from a type of neural 
model that may be of particular interest to the optics com
munity—neural models of vision—are discussed below. 

Segmentation and filling-in 
Two of the central goals of visual science are to under

stand how human vision works and to develop automatic 
vision machines for applications in technology. These two 
goals have merged into one through the recent discovery 
and progressive characterization of a neural network ar
chitecture to explain the processes of preattentive vision. 

Such a neural network architecture is of interest for at 
least four reasons. First, it suggests explanations and pre
dictions of an unusually large data base about visual per
ception, psychophysics, and neurophysiology. Second, it is 
general-purpose. Unlike many computer vision algo
rithms, it clarifies how locally ambiguous scenic data 
about boundaries, textures, shading, depth, multiple spa
tial scales, and motion can undergo cooperative fusion to 
generate an unambiguous context-sensitive global visual 
representation. Third, its network design enjoys a proper
ty that is shared by many other neural networks. Hard
ware implementations that successfully mimic the design 
would be compact and capable of running in real-time. 
Fourth, the neural architecture embodies a computational 
theory that mathematically characterizes a number of key 
visual processes that have not previously been well under
stood. 1 - 4 Two of these processes are called emergent seg
mentation and featural filling-in. 

Seeing and recognizing 
Two examples of emergent segmentation are shown in 

Fig. 1.5 Upon inspection of the Ehrenstein figure of Fig. 
l a , an emergent circle is induced perpendicular to the in
ner tips of the radially oriented lines. This circle separates 
the percept into two regions of unequal brightness, even 
though the luminance across all white parts of the image is 
the same. In the Glass pattern of Fig. l b , one sees the con
trast difference caused by the image's many black dots, at 

FIGURE 1. (a) In an Ehrenstein figure, a bright illusory 
circle is induced perpendicular to the ends of the radial 
lines. (b) In a Glass pattern, circular groupings emerge 
from the spatial distribution of small black dots. 
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FIGURE 2. Overview of the model. The thick-bordered rectangles numbered from 1 to 6 correspond to the levels of the 
system. The symbols inside the rectangles are graphical mnemonics for the types of computational units residing at the 
corresponding model level. The arrows depict the interconnections between the levels. The thin-bordered rectangles 
coded by letters A through E represent the type of processing between pairs of levels. Inset F illustrates how the activity 
at Level 6 is modulated by outputs from Level 2 and Level 5. See text for additional details. 

the same time that one recognizes emergent circular 
groupings, or segmentations, that do not in themselves 
generate visible contrast differences. Thus, human observ
ers can sometimes see emergent segmentations that are not 
present in the image (Fig. la) and can sometimes recognize 
emergent segmentation that they cannot see (Fig. lb). 

These paradoxical percepts are explained elsewhere.1 -3 

They illustrate that the neural system that generates emer
gent segmentations is not the same as the neural system 
that generates visible featural qualities. We have called the 

former system the Boundary Contour System and the lat
ter system the Feature Contour System. 

Many percepts indicate that featural qualities are per
ceived only after a filling-in process takes place whereby 
brightnesses and colors laterally diffuse within the emer
gent segmentations that contain them. Filling-in is vividly 
illustrated by the phenomenon of neon color spreading. 5 - 7 

In a popular example of neon color spreading, alternating 
red crosses and black crosses are arranged in a lattice such 
that the tips of the red and black crosses touch and are 

OPTICS NEWS • AUGUST 1988 7 



colinear. U p o n inspection of this image, one can perceive 
diamond-shaped regions of red color enveloping the indi 
vidual red crosses, or diagonal bands of red color joining 
successive red crosses, in addit ion to the red crosses them
selves. Such a neon lattice forms part of the cover design 
for Neural Networks, the official journal of the I N N S , to 
emphasize the central role of interactive, or emergent, 

properties in the explanat ion of biological intelligence. 
The neural network theory explains this phenomenon by 
showing that the filling-in of the red color is contained by 
the emergent segmentation that is generated by the neon 
lat t ice. 1 , 3 

W h y does fi l l ing-in occur? The visual wo r l d is typically 
viewed under variable l ighting condit ions. Since at least 
the time of He lmho l t z , 8 it has been realized that the ner
vous system somehow "discounts the i l luminant ," or sup
presses the " e x t r a " amount of light in each wavelength, to 
extract percepts of brightness and color that are invariant 
under many l ighting condit ions. This property of human 
vision is needed to perceive the stable three-dimensional 
forms of objects undistorted by accidents of i l luminat ion. 
The early visual processes that discount the i l luminant also 
suppress visual in format ion f rom many parts of the im
age. 9 

Figure 2 illustrates h o w a fi l l ing-in process that occurs 
subsequent to the d iscount ing stage regenerates sup
pressed features of a scenic percept, and in so doing gives 
rise to percepts that are characteristic of human vis ion. It 
schematizes the simplest version of the m o d e l 4 (also see 
the cover design) and is used to analyze h o w the discount
ing and fi l l ing-in processes wo rk when a monocular ly 
viewed, achromatic image is processed by a single spatial 
scale, or receptive field size, of the network. Level 1 repre
sents the luminance distr ibution of the image. Level 2 con
tains a network, called a shunting on-center off-surround 
network, that discounts the i l luminant and enhances re
sponses to edges and other relatively contrastive regions of 
the image. Levels 3—5 generate an emergent segmentation 
or boundary. Level 6 contains a filling-in network. The 
discounted signal pattern f rom Level 2 activates a process 
of filling-in in Level 6 that is impeded by the action of 
boundary signals f rom Level 5 . 

M o r e precisely, in response to an image {I i j} wi th lumi
nance Iij at the lattice point (i, j), the activity Xij of the 
corresponding Level 2 node obeys a shunting on-center 
off-surround equation 

where Cij, (Eij) is the total excitatory (inhibitory) input to 
Xij, and each i npu t is a discrete c o n v o l u t i o n Cij, = 

Σp,qIpqCpqij and Eij = Σp,qIpqEpqij w i th Gaussian kernel 
{Cpqij} and {Epqij}, respectively. The activity Yij of the corre
sponding Level 6 node obeys a nonl inear diffusion equa
tion 

FIGURE 3. One-dimensional simulations of the same 
scene evenly and unevenly illuminated. Although the two 
stimulus distributions in Fig. 3a and 3b are different, the 
final output distributions are very similar. Thus the 
model discounts the illuminant and exhibits brightness 
constancy. 
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where the index set Nij contains only the lattice nearest 
neighbors of (i,j), the diffusion coefficients 

decrease as a function of the boundary signals Bpq and By 
f rom Level 5 , and the output Xij f rom Level 2 equals 
max (X i j ,0) . The boundary signals Bpq and By are derived 
from the responses of oriented local contrast detectors 
wi th in Levels 3—5 to the output signals Xij f rom Level 2. 

Brightness constancy and contrast 

Figures 3—5 summarize some computer simulations of 
model properties using a f ixed set of parameters. Figure 3 
illustrates the basic properties of discounting the i l luminant 

and brightness constancy. Each graph represents a 
horizontal one-dimensional slice through a two-dimen
sional equi l ibr ium activity pattern at one of the network's 
levels. The label "S t imu lus " designates Level 1, "Feature" 
designates Level 2 , " B o u n d a r y " designates Level 5 , and 
" O u t p u t " designates Level 6. 

In F ig . 3a , the image stimulus is a hor izontal cross-sec
tion of an evenly i l luminated scene containing two equally 
luminant patches on a less luminant background. The 
filled-in output at Level 6 reproduces this pattern as two 
equally bright patches on a darker background. In F ig . 3b, 
the same image generated a different stimulus due to its 
uneven i l luminat ion by a source located to the right. The 
output is, however, the same as in F ig . 3a , thereby il lus
trating brightness constancy, because the Level 2 network, 
being sensitive to image reflectances and capable of dis
counting the i l luminant, generates similar feature patterns 
in both F ig . 3a and 3b. These Level 2 activity patterns 
trigger a filling-in process at Level 6 that spreads wi th in 
the compartments defined by the boundary signals re
ceived f rom Level 5. 

Figure 4a shows that the network transforms a step in
put into a step output. O n the other hand, F ig . 4b shows 
that the network also transforms a Cra ik -O 'Br ien-Cornsweet 

i n p u t 1 0 , 1 1 into a step output, because both inputs 
generate similar Level 2 activity patterns. Figure 4c shows 
that the network transforms a series of luminance ramps 
into a bull 's eye brightness pattern. 

Thus, the same mechanisms that discount the i l lumi
nant and fill-in a veridical representation of the scene, as in 
Figs. 3 and 4a, can also generate paradoxical percepts that 
are characteristic of human v is ion, as in Figs. 4b and 4c. 

The comparison of Figs. 5a and 5b illustrates a phe
nomenon that is of both perceptual and phi losophical in-

FIGURE 4. (a) A two-step stimulus pattern is transformed 
into a two-step output pattern, (b) A Craik-O'Brien-
Cornsweet stimulus pattern is also transformed into a 
two-step output pattern. The left step again appears to 
be uniformly brighter than the right step, despite the fact 
that the left and right stimulus patterns have equal lu
minances at their extremities. Note that the feature con
tour patterns in both (a) and (b) are similar. (c) A stimu
lus pattern composed of a row of horizontal ramps is 
transformed into a bull's eye output pattern. 

OPTICS NEWS • AUGUST 1988 9 



terest. Figure 5a provides an example of brightness con
trast, in which equiluminant patches in the stimulus are 
transformed into patches of unequal brightness in the 
filled-in output, because the Level 2 pattern is sensitive to 
the relative contrasts of the patches with respect to their 
backgrounds. The output pattern also preserves the step
like structure of the background. In Fig. 5b, equiluminant 

patches are again transformed into unequally bright 
patches in the output. However, the background lumi
nance changes so gradually between the two equiluminant 
patches that it generates no intervening boundary. The 
brightness of the filled-in background between the two 
patches is thus uniform in Fig. 5b. 

Visible effects of invisible causes 

Despite the model's simplicity, Figs. 4b, 4c, and 5b illus
trate how it begins to explain properties of human visual 
perception that are of nontrivial subtlety. Here, the con
text-sensitive mapping from stimulus luminance to output 
brightness converts identities into differences and differ
ences into identities. Moreover, in Fig. 5b, the visible 
brightness difference between the patches is induced by an 
image property that is itself invisible in the final percept. 
The cause is obliterated, but its effects are not. Within 
many neural network models, such context-sensitive com
putational properties have a natural representation that 
renders them easy to understand and manipulate. 

Much more difficult relationships between emergent 
segmentations and filled-in visible percepts have by now 
been analyzed. Moreover, neural network architectures 
for preattentive vision are just one of many types of neural 
network architectures12 that are now being developed by 
scientists and engineers worldwide. Some of these archi
tectures provide a fertile ground for gaining a new under
standing of biological intelligence. Others suggest ap
proaches for tackling outstanding problems in technology. 
Still others do both. Whatever the focus, here is a field 
ready to challenge and reward the sustained efforts of a 
wide variety of gifted people. 
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FIGURE S. Brightness contrast: (a) Equiluminant patches 
in the stimulus are converted into output patches of dif
ferent brightness. (b) Brightness contrast in the patches 
again obtains, but the background luminance gradient 
that caused it is eliminated in the output pattern due to 
filling-in. 
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