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Abstract

PARTS, OBJECTS AND SCENES:
COMPUTATIONAL MODELS AND PSYCHOPHYSICS
by

Laura Lynn Walker Renninger

Doctor of Philosophy in Vision Science
University of California, Berkeley

Professor Jitendra Malik, Chair

In this thesis, I develop computational models to account for several different
visual phenomena: (i) perception of object parts, (ii) eye movements when learning new
objects, (iii) perceived shape similarity, and (iv) rapid scene identification. The validity
of each model is tested using human psychophysical techniques.

Beginning with parts, I note an ecological fact: parts of objects tend to be convex.
Several elaborate rules have been proposed to account for our perception of parts, but
they can all be understood as an attempt to exploit convexity. I propose a model that
finds convex subregions within the bounding contour of the object. The segmentations
produced by the model are quantitatively compared with a large-scale data set of human

object segmentations using a precision-recall framework. The model produces results



within the error range of the subject to subject variability, demonstrating that a simple
convexity rule can account for human perception of parts.

It has been suggested that we use parts to encode and retrieve object memories.
By studying eye movements as observers learn new objects, one can investigate the
strategies that they adopt, and what information is useful for encoding object memories. I
argue that, in fact, observers employ a strategy of sequential information maximization to
reduce uncertainty about the orientations of the object contour. I collect eye movement
data as subjects learn novel object silhouettes, and compare it to the fixations of a
biologically motivated dynamic model. Model fixations are drawn away from
predictable (straight) contours and toward angles near points of high curvature, similar to
observed human behavior. The model collects information too efficiently, however. By
adjusting the parameters until we match human performance, we can probe the limits of
human sensitivity.

Objects may be recognized over successive fixations of their parts, or by
matching their overall shapes, as implicitly suggested by the eye movement model.
Matching objects would be straightforward if we had a perceptual shape metric that could
capture the perceived similarity between two shapes. I examine two measures from the
statistics and mathematics literature and ask whether they can represent human just-
noticeable-differences in shape space. I find that shape discrimination thresholds are
stable when measured with these metrics, for both systematic and random shape changes.
This suggests that the metrics can be useful for gauging perceptual similarity of two

closely related shapes.



Finally, I consider the phenomenon of rapid scene identification. Subjects are
able to get the gist of a scene within a single fixation. I propose a model that learns to
categorize scenes based only on the responses they evoke in V1-like filters. The model
performs above chance, demonstrating that categorization could begin as early as V1.
When compared with human performance on a scene identification task, the model

performs much like observers who had between 37 and 50 ms exposure to the image.

Professor Jitendra Malik
Dissertation Committee Chair
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(a) Minima Rule: Points of minimum curvature are good places to begin
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The connection between two points 1 and j is equal to one if the two
points lie in the same convex subregion as defined by convexity, and
ZETO OtREIWISE. ...t

Example of Snodgrass objects and their computed contours used in the
SeZMENtation EXPETIMENES. . ....uteutteett et et eteeateeateeaeeeireennaenns

Some human segmentations. Part-lines are drawn in gray, object
boundaries in black. The radius of the data circle indicates the popularity
of that boundary point in segmenting the object. The colors correspond
to the type of curvature of that boundary point, e.g. local minimum (red),
local maximum (green), inflection point (blue). Local minima (minima
rule) were used more in more than 80% of all part-lines (De Winter &
Wagemans, 2001)........oiiiiiii i

Results from one subject using the java segmentation tool. Colors are
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This elbow figure has multiple plausible parses. Once one parse is made,
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(Artifacts and “bleeding” are evident near the part lines due to our
approximation using supernodes.) The segmentations are qualitatively
similar to human data.............c.oooi i

Categorization of pixel pair assignments. True positive (TP), false
positive (FP), false negative (FN) and true negative are also referred to as
hit, false alarm, miss and correct rejection, respectively......................

The dots (blue) are the precision and recall measured when
segmentations from each subject are compared against all other subjects
as ground-truth. Because subject A is compared to subject B and subject
B is compared to subject A, the dots will be symmetric about the
precision = recall axis. The open circles (red) are the precision and recall
measured when the segmentation based on convexity is compared to
each ground-truth subject segmentation. (a) Example data for a very
simple contour. Subjects show high agreement with precision and recall
both near 1. The segmentation based on convexity is also good, but not
as consistent as the subject-to-subject comparisons. (b) Example data
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The left plot shows 200%200*88=3,520,000 F-measure values computed
from segmentation comparisons between the subjects in the De Winter
et. al. study. The median (red line) of this distribution is 0.84. The plot
on the right shows 200*1*88=17,600 F-measure values computed from
segmentation comparisons between the same subjects and our convexity
model. The median of this distribution is 0.81. See the text for a
QISCUSSION. ..ttt

Subjects were asked to view the painting “Unexpected Visitor” under
different conditions. (a) Free viewing. (b) Estimate the economic level
of the people. (c) Judge their ages. (d) Guess what they had been doing
before the visitor’s arrival. (e) remember the clothes worn by the people..

Example of fixation patterns for the four mask locations a) none b) front
¢) middle and d) end. Green, yellow and red dots represent early,
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Percent of total dwell time as a function of fixation number. Learning
phases are in the top row and recognition phases are in the bottom row.
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Pictured here are some example images from the ten scene categories
used in this chapter. Each row is labeled with its basic-level (left) and
superordinate-level category (right). This dataset is available at
http://www.cs.berkeley.edu/projects/vision/shape...........ccccoeeeeeeieerieennnnnne.

Subjects were shown grayscale scenes for 37, 50, 62 or 69ms followed
by a jumbled scene mask and two word choices. The 2AFC task was to
select the word that best described the target.....................coooinal.

Our model uses this filterbank to estimate texture features at each pixel
in the image. The 36 filters consist of 2 phases (even and odd), 3 scales
(spaced by half-octaves), and 6 orientations (equally spaced from 0 to 7).
Each filter has 3:1 elongation and is L; normalized for scale invariance...

(a) The 100 texture features found across the training images (sorted by
increasing norm). These “universal textons” correspond to edges and
bars of varying curvature and contrast. (b) Each pixel in an image is
assigned to a texton channel based on its corresponding vector of filter
responses. The total activity across texton channels for a given image is
represented as a histogram. (c) Test images are categorized by matching

their texton histograms against stored examples. The x> similarity

measure indicates our test image is more similar to a bedroom than a
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Subject accuracy in the 2AFC scene discrimination task improves with
increased presentation time. The mean percent correct and standard
deviation is plotted for 48 subjects (11, 15, 8 and 14 subjects at 37, 50,
62 and 69ms). Chance performance is 50% correct. At 69ms, accuracy
is near 90%, confirming that the gist of a scene can be processed within
ONE FIXATION. L.ttt

Superordinate-level confusion matrices for subjects and the model
(Appendix B) are illustrated with gray levels. The order of the scene
categories from top to bottom, left to right is: natural/outdoor, man-
made/outdoor and man-made/indoor. Correct categorization occurs
along the diagonal, which will be white for perfect performance. The
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Percent correct classifications are plotted versus basic-level scene
categories, sorted by model performance. To allow direct comparison of
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data — chance performance is 10%. The dotted curves represent standard
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error measures for the model. (a) The model performs the same or better
than subjects with 37ms of exposure, with the exception of mountain
scenes. (b) When viewing time is increased to 50ms, the model is still
able to account for subject performance on more than half of the scene
categories. (¢ & d) The model cannot account for subject performance
with more than 70ms of €XpoSUre.........c.vviuiiiiiiiiiii e

Plotted here is the response activity in different “scene channels” for
subjects and the model. Across the x-axis of each plot are the ten scene
categories, and the bars are colored according to their superordinate
category (see the key). In each column, one scene category has been
shown. Moving down rows, subjects view that scene for 37, 50, 62 or
69ms. A star represents the activity in the correct channel. The bottom
row is response activity based on our texture analysis of the scene. See
the text for a diSCUSSION. .. .....vuiitiie i
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