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ABSTRACT

The environments we live in and the tasks we perform in those environments have shaped the design of our visual
systems through evolution and experience. This is an obvious statement, but it implies three fundamental components
of research we must have if we are going to gain a deep understanding of biological vision systems. (a) a rigorous
science devoted to understanding natural environments and tasks, (b) mathematical and computational analysis of how
to use such knowledge of the environment to perform natural tasks, and (c) experiments that allow rigorous
measurement of behavioral and neura responses, either in natural tasks or in artificial tasks that capture the essence of
natural tasks. This approach is illustrated with two example studies that combine measurements of natural scene
statistics, derivation of Bayesian ideal observers that exploit those statistics, and psychophysical experiments that
compare human and ideal performancein naturalistic tasks.
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1. Introduction

A fundamental principle of biology is that sensory and perceptual systems (including their associated mechanisms for
learning and plagticity) evolve in the service of obtaining information about the environment that is relevant for the
tasks the organism must perform in order to survive and reproduce. Thus, the design of a perceptual system is strongly
influenced by the tasks the organism performs and by the physical/statistical properties of the environment, in addition
to various biological constraints (e.g., limited numbers and dynamic ranges of neurons). This observation suggests that
there may be great payoff in making the effort to study perceptual systems rigorously from the perspective of natural
tasks and stimuli. Intuition suggests that such a “natural systems analysis’ should have several parts: (@) identifying
and characterizing natural tasks, (b) measuring and analyzing the environmental properties (e.g., natural scene statistics)
relevant to those tasks, () determining how a rational (ideal) perceptual system would exploit those environmental
properties to perform natural tasks, and (d) using the knowledge gained from (a)-(c) to formulate hypotheses for neural
mechanisms and test them in physiological and behaviora studies that capture the essence of the natural task.

Ethology and behavioral ecology are concerned with identifying and characterizing natural tasks. Unfortunately, there
have been few efforts to rigoroudly identify and characterize natural tasks in humans, although there have been some
relevant studies in non-human primates (e.g., [1]). On the other hand, there has been a growing effort in recent years to
measure and analyze natural scene statistics (e.g., for reviews see [2] and [3]). Furthermore, the tools for determining
how arational system would exploit natural scene statistics to perform complex tasks have been improving because of
progress in the theory and application of Bayesian ideal observers [4-6] and because of the increases in computer
performance. Finally, because of rapid advances in technology it is now possible to carry out rigorous experiments in
fairly complex tasks. For example, it is now possible to precisely measure the positions of the eyes, limbs and body in
natural tasks, to measure the activity of single neurons or of whole populations of neurons in the brain while an animal
is performing natural tasks, and to create virtual environments containing visual, tactile, and auditory objects that can be
precisely controlled and manipulated during the performance of natural tasks. Thus, most of the tools necessary for
performing arigorous natural systems analysis are now available.

This paper summarizes to two recent examples of this approach from our lab. The first example concerns the task of
deciding whether particular pairs of contours passing under an occluding surface belong to the same or different
physical contours in the environment. The second example concerns the task of identifying whether particular pairs of
image patches belong to the same or different physical surfaces. In each example, we first define the natural task. Next,
we measure the relevant natural scene statistics. Then, we derive the Bayesian ideal observer for that natural task based
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on the measured natural scene statistics. Finally, we measure human performance in the natural task for stimuli based
on the natural scene statistics and compare human performance to that of the ideal observer.

2. Examplel: Contour occlusion task

It is common in natural scenes for an object to be partially occluded by one or more other objects (Fig. 1). Such
occlusions can provide useful depth and segmentation (figure-ground) information; for example, if the bounding
contour of an object can be identified, then other contours intersecting that bounding contour are likely to be occluded,
and hence likely to be at a greater distance and to derive from a different physical source than the bounding contour
(eg., adifferent object). However, the existence of occlusions can also greatly increase the difficulty of correctly
interpreting natural images; for example, an occluding object necessarily obscures image features from the occluded
objects, making identification of the occluded objects difficullt.

The human visual system contains powerful contour grouping mechanisms that are thought to play an important rolein
helping the visual system both exploit occlusions and overcome the loss of features produced by occlusions. For
example, contour grouping mechanisms allow us decide (correctly) that the two contours passing under the red leaf in
Fig. 1 arise the same physical source (surface boundary). These contour grouping mechanisms undoubtedly evolved
and/or develop in response to the properties of natural environments, and thus there have been recent efforts to directly
measure the statistical properties of contours in natural images, with the aim of gaining a deeper understanding of the
image information available to support contour grouping and of developing more refined models of contour grouping
[7-9].

Fig. 1. Contour occlusion in natural images.

2.1. Contour statistics

Much of the procedure for measuring contour statistics is described elsewhere [7]. Briefly, we analyzed a set of natural
images that were picked to be as diverse as possible, without containing human-made objects or structures. The images
included close-up and distant views of different environments (i.e., forests, mountains, deserts, plains, seashore) and
image congtituents (e.g., water, sky, snow, plants, trees and rocks). Edge elements were extracted from each image
using an automatic algorithm containing the following steps: (a) convert the image to gray scale, (b) filter the gray scae
image with a non-oriented log Gabor filter (in the Fourier domain) having a spatial-frequency bandwidth of 1.5 octaves
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and a pesk spatial frequency of 0.1 c/pixel (the frequency was picked to provide a dense sampling of contours), (c)
identify the locations of zero crossings in the filtered image, (d) at each zero crossing point in the (unfiltered) gray scale
image apply a bank of odd and even log Gabor filters with a spatia-frequency bandwidth of 1.5 octaves and an
orientation bandwidth of 40 deg, (€) nhormalize the filter responses by dividing by the sum of the responses across all
orientations, (f) combine the odd and even responses to obtain an energy response, (g) find the peak of the energy
response across orientation to determine the local contour orientation, (h) €iminate edge e ements with peak normalized
energy responses that do not exceed a low threshold, (i) interpolate the even and odd responses to better localize the
edge position, (j) reapply an odd log Gabor filter at the estimated edge-el ement orientation and position in the gray scale
image to determine the contrast polarity (the sign of the contrast) of the edge element. The last two steps were not
applied in the original study [7]. The above edge extraction procedure was applied to synthetic test images with known
contour positions, orientations and contrast polarities, and was found to be accurate for the test images. We note that
the extraction of contrast polarity information is new to the current study. We chose not to examine contrast magnitude
because the images were neither luminance nor color calibrated, and thus for these images we can only be confident
about measurements of edge geometry and contrast polarity.

4 b pP=0 p=1 _ likelihood ratio

.100

reference d

N

(@)

100

ratio of priors (3)
o

—

0.1 1
distance (deg)

0.01

Fig. 2. Co-occurrence statistics of contour elements in natural images. a. Definition of parameters describing the
geometrical and contrast relationship between a pair of contour elements. b. Plot of the likelihood ratio for a given
relationship between pairs of contour elements. c. Ratio of the prior probabilities that pair of contour elements belong
to different versus the same physical source, as a function of distance between the pair of elements. A likelihood ratio
greater then 1.0 means (given equal priors) it is more likely that the elements belong to the same physical contour; a
ratio less than 1.0 means it is more likely that the elements belong to different physical contours. [For each distance,
direction and polarity, the orientation difference bins (line segments) are drawn in rank order starting from the lowest
likelihood; thus, the highest likelihoods are the most visible in the plot.]

We measured pair-wise statistics. Specifically, for each pairing of extracted edge € ements we considered one of them
as the reference and described the geometrical and contrast relationship of the other dement relative to the reference
dement (every edge lement served as areference dement). The relationship between the elementsis described by four
parameters (see Fig. 2a): the distance between the centers of the edge dements (d ), the direction of the second e ement
from the reference dement (¢ ), the orientation difference between the edge elements (6 ), and difference between the
edge elements in contrast polarity (p). (Notethat p takes on only two possible values. 1 = same polarity and 0 =
opposite polarity.) Thus, the pair-wise statistics can be described by a four dimensional probability density function,
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p(d,¢,9,p) . This function was estimated by binning the edge element pairs along the four dimensions (6 distances x
36 directions x 36 orientation-differences x 2 contrast polarities for atotal of 15552 bins).

To obtain approximate ground truth we had two observers segment the extracted edge elements into groups that belong
to the same physical contour. The observers viewed the images with each extracted edge element labeled by a single
red pixel. They then selected those pixels that belong to the same contour. To aid them in the segmentation they were
alowed to zoom in and out, toggle to the full color image, and toggle the colored pixels on and off. The fundamental
premise is that most of the segmentations correspond to the physical ground truth (i.e., the grouped pixels do indeed
arise from a common physical source—a surface/material boundary, a shadow/shading boundary, or surface marking
boundary). The observers noted that some ambiguous cases arose, but that they were highly confident about most of the
pixels assignments, which was supported by the high inter-observer agreement [7]. Given the segmentation data, it is
then possible to estimate (by binning the edge element pairs) the probability distribution p(c, d,o,0, p) , Where ¢ takes

on two possible values: ¢c=1 if the edge elements belong to the same contour and ¢ =0 if they belong to different
contours.

The measured contour statistics are shown in Fig. 2b and 2c. In order to be consistent with the new optimal decision
rule described below, the plotting conventions here are somewhat different from those in our earlier publication [7].

Specificaly, Fig. 2b plots the distance-dependent likelihood ratio | (¢,9, p|d) , and Fig. 2c plots the distance-dependent

decision criterion (ratio of priors) B(d). As can be seen, for any given distance the most likely geometrica

relationship between edge elements is one consistent with approximate co-circularity (although there are some
systematic deviations from co-circularity). This is true whether the polarity is the same or opposite; however the
likelihoods (for co-circular geometrical relationships) are lower for opposite polarity edge elements. Perhaps not
surprisingly, the ratio of the priors increases approximately in proportion to the square of the distance (Fig. 5¢).

2.2. Contour occlusion experiment

In the contour occlusion experiment, we measured subjects’ ability to identity whether a pair of edge elements passing
under an occluder belonged to the same or different physical contours. On half the trials the edge el ements belonged to
the same physical contour and on half the trials to different contours. On each trial, a pair of edge elements was
extracted directly from our database of natural images via the following procedure. First an image was randomly
selected and then a single edge element was randomly selected from that image (e.g., one of the green highlighted edge
dements in Fig. 3d). Second, we considered the set of al edge elements at a given distance from the selected edge
eement, where the distance equaled the occluder diameter for that trial. On “different” trials an edge element was
randomly selected from those that belonged to a physical contour different from the contour containing the initially
selected dement. On “same” trials an eement was randomly selected from those e ements (usually just one or two
eements) that belonged to the same physical contour as the initial selected element (e.g., in Fig. 3a, the second green
highlighted element bel ongs to the same physical contour).

Once the edge elements were selected, they were displayed to the subject as shown in Fig. 3b. Specifically, the 768 x
768 pixel display subtended 16 deg in visual angle with a gray background luminance of 55 cd/m?® and a gray, circular
occluder of 60 cd/m?. Asin Fig. 3b, the 3.3 c/deg edge elements were always located on opposite ends of aline through
the center of the occluder. The size of the edge e ements in the display was the same as the size of the oriented filter
kernels used to extract the edge elements when the pair-wise statistics were measured. The center pixel of the edge
element sat on the occluder boundary. The contrast of the edge e ements was set so that their locations and orientations
were clearly visible (Michelson contrast = 0.6). On each tria, the display remained up until the subject responded, and
the subject was free to make eye movements.

Performance was measured, in counterbalanced blocks, for occluder diameters of 20, 40, and 90 pixels (0.67 deg, 1.33
deg and 3 deg). (We note that it was hot possible to measure performance for occluder diameters greater that 90 pixels
because there are too few contours of sufficient length in the database.) In addition, performance was measured with
and without the contrast polarity information; in the blocks where the polarity information was absent we replaced the
odd symmetric edge € ements with even symmetric elements. Finally, we also manipulated feedback. For the first 600
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trials of the experiment no feedback was provided; for the second 600 trials feedback was provided on each trial (atone
indicated whether the response was correct or incorrect); for the third 600 trials no feedback was provided. We chose to
manipul ate feedback because of concern that our occlusion displays were so simplified (unnatural) that subjects may not
be able to use the edge geometry and contrast information in the way that they would normally use that information in
natural images. We reasoned that if the subjects show no improvement with feedback then it strongly suggests that they
are ableto apply their normal contour processing mechanismsto our simplified displays.

Seven subjects participated in the study. Two were familiar with the aims of the study and five were naive. On thefirst
day (prior to the main experiment), each subject completed a small block of trials designed to help them understand the
task and display. Specificaly, after each stimulus presentation and response (which was the same as in the main
experiment), the subjects were shown a display like the one in Fig. 3a, which illustrated exactly how the simplified
display was obtained from the original image. For the remainder of the study, the subjects only saw displays like the
onein Fig. 3b. The study extended over a period of 3 to 6 days, depending on the subject.

Fig. 3. Contour occlusion task stimuli. a. Illustration of how stimulusin b is obtained from a natural image (see text for
details). b. Display on contour occlusion experiment. The largest occluder diameter was 90 pixels (shown here),
corresponding 3 deg of visual angle.

2.3. ldeal observer for contour occlusion task

The only information available to perform the contour occlusion task is the geometrical relationship between the pair of
edge dements, and in some conditions the geometrical and contrast-polarity relationship between the elements. Thus,
using the measured contour statistics we can derive the performance of arational (ideal) observer that has perfect
knowledge of the natural scene statistics of edge element geometry and contrast polarity. Anideal observer that wishes
to maximize accuracy will compare the posterior probability that the observed contour elements bel ong to the same
physical contour with the posterior probability that they belong to different physical contours and then respond “ same”
if the former posterior probability isthe larger:

if p(c=1[d,¢,0,p)> p(c=0[d,¢,0,p) then respond "same contour" )
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It can be shown that this decision ruleisidentical to thisone: !

p(¢.0,pld,c=1) N p(c=0|d)
p(¢.0,pld,c=0)" p(c=1/d)

then respond "same contour " 2

Theterm on the left is alikelihood ratio: the probability of the observed direction, orientation and polarity relationship
between the edge elements given the observed distance and that the el ements belong to the same contour, divided by the
probability of the same observed relationship between the d ements given the observed distance and that they belong to

different contours. We represent this likelihood ratio by |(¢,6,p|d), which is shown in Fig. 2b. The term on the right

istheratio of the prior probabilities that two edge elements separated by distance d belong to different versus the same
contour. We represent this distance-dependent decision criterion by 3 (d) , which is shown in Fig. 2c. In the present
contour occlusion task we forced the prior probability of the edge € ements bel onging to the same contour to be 0.5, and
hence we forced the idedl criterion to be 1.0 (5 (d) =1.0). The subjects were told that the prior probabilities were 0.5

before the start of the experiment. We applied equation (2) to each individual trial for each subject, which allowed us to
compare human and ideal observer responses on atrial-by-trial basis, with no free parameters.

2.4. Comparison of human and ideal performance

The contour occlusion task was run first without feedback, then with trial-to-trial feedback, and finally again without
feedback. We found that performance was relatively constant before, during, and after the feedback sessions, except
perhaps for one subject. We conclude that the subjects started the experiment with stable decision criteria and that there
is no evidence they were using different criteriafrom what they would usein natura scenes (for the specific dimensions
of edge element geometry and contrast polarity). Therefore, we combined the data across the phases of feedback.

The average hits and fal se dlarms of the human subjects and ideal observer, as afunction of occluder diameter, are
shown in Figs. 4aand 4b. The green symbols and curves are for the conditions where both edge element geometry and
contrast polarity were displayed. Thered symbols and curves are for the conditions where only the edge element
geometry was displayed. Humans and ideal observers are affected similarly by occluder diameter and exclusion of
contrast polarity information. As occluder diameter isincreased hit rate declines and false alarm rate remains relatively
constant. Excluding the contrast polarity information causes a slight reduction in hit rate (average of 1.3 % for humans
and 0.5 % for ideal), but a more substantial increase in false alarm rate (average of 8.6 % for humans and 5.6 % for
ideal). The similarity of human and ideal performance can be quantified by converting the hit and false alarm rates into

d’ valuesfor real and ideal observers and plotting their ratio. A constant ratio means constant efficiency. Asshownin
Fig. 4c, efficiency is high and nearly constant with occluder diameter and perhaps dightly higher when contrast polarity
information is presented. Near constant efficiency is aso seen for the individual subjects (Fig. 4d). Overall, these
results suggest that humans have good knowledge of the pair wise statistics of edge element geometry and contrast
polarity in natural images and are able to use that knowledge efficiently.

A more detailed comparison of human and ideal decision rules can be obtained by examining the individua trials.
Doing this we find that the subjects (like theideal observer) do not show a strong bias on average; the hits and correct
rejections are about equally frequent, and the false alarms and misses are about equally frequent. Also, remarkably, we
find that humans respond very similarly to theideal observer along the various stimulus dimensions (distance, direction,
orientation difference and contrast polarity); there are not obvious regions of stimulus space where humans are
particularly inefficient. In other words, the human visual system appears to have an accurate representation of the
contour statisticsin Fig. 2b and to implement something close to the optimal decision rule represented by applying
equation (2) to thelikelihood ratiosin Fig. 2b.

"We note that representing the optimal decision rulein the form of equation (2) is an improvement over the formulation
described in Geider et d. [7]. Theweakness of the previous formulation is that there is no meaningful way to measure
ratio of the priors, which Ieft the decision criterion S afree parameter. With equation (2) there are no free parameters.
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Fig. 4. Performance of seven subjects and the ideal observer in the contour occlusion experiment. a. Average
percent hits for human and ideal observers plotted separately for tasks where the contrast polarity cue was
present (green) and absent (red). b. Average percent false alarms for human and ideal observers plotted
separately for contrast polarity cue present (green) and absent (red). c. Average ratio of sensitivity (d') of
human and ideal observers plotted separately for contrast polarity cue present (green) and absent (red). d.
Ratio of sensitivity (d') of human and ideal observers plotted separately for each of the human observers.
Pixel sizewas 2 min of arc.

3. Example2: Patch Classification Task

In the patch classification task, the observer is presented two equal size image patches sampled from a natural foliage
image at some spatial separation and must decide whether the patches belong to the same or different physical surfaces.
This task is roughly analogous to the contour occlusion task, except that it is relevant to surface/region grouping rather
than contour grouping.

3.1. Patch statistics

To measure the relevant natural scene statistics we collected a diverse set of calibrated images of close-up foliage,
which were then hand segmented by human observers. We chose to analyze close-up foliage because (i) foliage images
are a major component of the environment and the dominant component in the natural environment of the macaque
monkey (the primary anima model for human vision), (ii) close-up foliage images are relatively easy to hand segment,
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and (iii) the statistical properties of distant foliage should be derivable from those of close-up foliage. In future studies,
we propose to carry out similar analyses for other classes of image.

The images were captured with a 36-bit-per-pixel Kodak DCS720x digital CCD camera (12 bits per color sensor) that
was calibrated to give the approximate responses in the human long (L), middle (M) and short (S) wavelength cones at
each pixel location. Hand-segmentation was performed by paid undergraduate students at the University of Texas at
Audtin, using custom software. To obtain representative statistics it was necessary to segment a large number of
images. However, careful segmentation is time consuming and thus it was not practical to perform a full segmentation
of each image. Thus, prior to performing the segmentation, one of the authors (ADI) defined a circular region of
interest within each image, and the undergraduates were instructed to segment all objects inside or touching the region
of interest. By selecting a region from each image, we were able to obtain a dense segmentation for a relatively large
sample of foliage images. The segmentation involved creating polygons that defined the boundary of each object’s
visible surface regions. Because of occlusions, multiple polygons were sometimes required to segment an object.
Because an occluding object shares a common edge with the occluded object, polygon vertices could be shared by
immediately adjacent polygons. The segmented objects were categorized for quality control. If anything about the
segmentation was ambiguous or uncertain, it was deemed to be of low quality. The remaining objects were deemed
high quality. Here, all analyses were performed only on the high quality segmented objects (there were 1,638).
Although this restriction may limit the generality of the results to some extent, it guarantees that the segmentations
closely approximate ground truth. Furthermore, even with this restriction, the regions of interest were densdy
segmented. Thus, we believe the measured statistics are highly relevant to natural tasks in the world of close-up foliage
(and perhaps in other environments as well). Fig. 5a shows an example of a segmented image; the blue and red shaded
objects are segmented |eaves and the yellow shaded objects are segmented branches.

The patch statistics were measured by analyzing pairs of patches randomly sampled within objects and across object
boundaries (see below).

Fig. 5. Patch classification task stimuli. a. Example of a segmented calibrated image of close-up foliage used for
measuring natural scene statistics and for generating stimuli for the patch classification task. Colored leaves and
branches are segmented objects. b. Example patches randomly sampled from the same surface. The left image shows
the context of the samples. The right image shows the display presented to observers. c. Example of patches
randomly sampled from different surfaces.

3.2. Patch classification experiment

In the patch classification experiment, the observer was presented two equal size image patches sampled from a natural
image at some spatial separation and was required to decide whether patches belong to the same or different physical
surfaces. To generate a stimulus, a reference leaf was randomly sampled from the database. The “diameter” of the
reference leaf was defined as the square-root as the total number of pixels contained in the leaf. One circular image
patch inside the leaf was randomly selected. A second patch was selected so that its center was ether 0.25, 0.5 or 1
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object diameter from the first patch’s center. (Distance and size were measured in fractions of object diameter so that
the scene statistics would be roughly independent of viewing distance.) If the second patch was inside the leaf, the pair
was a same-surface stimulus (Fig. 5b), if the second patch was outside the |eaf, the pair was a different-surface stimulus
(Fig. 5¢). The diameter of the image patches was 0.2 of the reference leaf diameter. Neither patch was alowed to
intersect a polygon boundary of the reference leaf. The two image patches were displayed on a black background (left
pandsin Fig. 5b and 5c¢), on acalibrated monitor.

For each distance, the patches were displayed in three different ways. In the “full” condition, both patches contained all
of their original properties and were merely circular cut-outs from the image. In the “texture removed” condition, the
texture was removed, only the chromaticity and luminance of the patches were preserved. In the “texture only”
condition, the luminance and chromaticity differences were removed, only the spatial texture of the patches was
preserved. Thus, there were 9 total conditions [(distance between patches = 0.25, 0.5, or 1 object diameter) X (patch
type = full, texture removed, or texture only)].

On the first day of the experiment (before data collection), subjects browsed through the 96 images that made up the
database. They looked at each image for approximately 5 seconds in order to develop an intuitive understanding of the
kinds of images in the database. There were 620 trials per condition and subjects were informed that half were “same
surface” stimuli and half were “different surface” stimuli. During the first 20 trials, alarge portion of the origina image
was also displayed next to the patches. These trials served to demonstrate the nature of the task to the subjects. In the
subsequent 600 trials, only the two image patches were displayed. On each trial, subjects viewed the patches for as long
as they desired and pushed a button to categorize the patch as “same surface’ or “different surface.” The 9 conditions
were run on separate days and feedback was not provided. In a second experiment, the same 9 conditions were run on
the same subjects, but feedback was given on each trial.

3.3. Approximateideal observer for patch classification task

Using randomly sampled pairs of patches from the database as a training set, we determined the approximate ideal
observer (a model observer) for certain stimulus dimensions in the patch classification task. First, we converted the
average L, M and S cones absorptions for each pixd into the I color space proposed by Ruderman [10], where

| =(logL+logM +logS)/~/3, a=(logL+logM —2logS)/~/6, and B=(logL—logM )/~/2. This space is useful
because |, a and § are approximately statistically independent and Gaussian distributed in foliage rich natural scenes
(we verified this for pixels in our database). We then defined six difference measures between image patches: Al

(difference in mean intensity value), A« (difference in mean blue-yellow value), Ag (difference in mean red-green
value), Ao, (difference in standard deviation of intensity values), Ao, (difference in standard deviation of blue-
yellow values), and Ao, (difference in standard deviation of red-green values). Note that the first three measures are

differences in mean values (see [11]), and the last three measures are differences in contrast; also note that all of these
measures are similar to Weber measures, because they involve differences of log values.

The probability distribution of these difference vaues (not shown here) for same- and different-surface patch pairs, asa
function of the distance between patches constitutes the measured natural scene statistics. Using these measured natural
scene statistics we derived the optimal quadratic decision bounds for the patch classification task. This was done in
three ways: with all six measures, with the three mean-difference measures, and with the three contrast-difference
Measures.

3.4. Comparison of human and model observer performance

The symbolsin Fig. 6 show the performance accuracy of the two naive subjects for the initial phase of the experiment
where no feedback was given. The gray symbols show the raw accuracy levels, and the blue symbols show the
accuracy (PC max) corrected for bias, based on the standard signal detection analysis of the hit and false alarm rates
[12]. Thegray curves show the performance of the model observer. We note that only for the “texture removed”
conditions isthe model observer likdy to be close to the true optimal; thisis because in the “full” and “texture only”
conditions the exact spatial contrast pattern of the patches was displayed, but the model observer only had access to the
contrasts of the patches.
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For both human and model observers, classification accuracy decreases with the distance between the patches. In the
“full” and “texture removed” conditions performance was near 80% at the smallest distance and decreased to near 65%
percent at the largest distance. This result isintuitive and shows that for region grouping, greater reliance should be
placed on neighboring image regions. The fact the human performance parallels the model observer performance
suggests that human efficiency is relatively high and constant (at |east for the texture removed conditions where the
model observer is nearest ideal). Furthermore, because no-feedback was given the results suggests that the human
observers came into the experiment with an accurate representation of patch statistics, for scenes containing close-up
foliage. This conclusion was supported by the second phase of the experiment where feedback was given; we found
only small improvements in performance.
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Fig. 6. Performance of two observers and model observersin patch classification experiment.

4. Conclusion

In sum, we performed an initia natural systems analysis for two basic visua tasks, contour grouping across occlusions,
and region grouping of surface patches for leaf surfacesin close-up foliage scenes. We found that it is possible to
quantitatively measure the relevant natural scene statistics and to derive parameter-free ideal observers (model
observers) for these tasks. These ideal observers show how the visua system should represent and apply its (implicit)
knowledge of the natura scene statistics to perform these tasks. We found that human performance closdly paralesthe
performance of theideal observers. Thus, dightly degraded versions of the ideal observer models can serve as
candidate models for the corresponding neural coding and decision mechanisms of the human visua system. For
example, aplausible working hypothesis is that the human visua system represents the structurein Figs. 2b and 2cinits
contour grouping mechanisms.
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