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(57) ABSTRACT

The present invention provides a method for measuring the
self-consistency of inference algorithms. The present inven-
tion provides a method for measuring the accuracy of an
inference algorithm that does not require comparison to
ground truth. Rather, the present mvention pertains to a
method for measuring the accuracy of an inference algorithm
by comparing the outputs of the inference algorithm against
cach other. Essentially, the present invention looks at how
well the algorithm applied to many of the different observa-
tions gives the same answer. In particular, the present inven-
tion provides a method that 1s not time and labor intensive and
1s cost effective.
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METHOD AND SYSTEM FOR ESTIMATING
THE ACCURACY OF INFERENCE
ALGORITHMS USING THE
SELF-CONSISTENCY METHODOLOGY

Matter enclosed in heavy brackets | ] appears in the
original patent but forms no part of this reissue specifica-
tion; matter printed in italics indicates the additions
made by reissue.

The invention was made with Government support under
contract number F33615-97-C-1023 awarded by the Defense

Advance Research Projects Agency. The Government has
certain vights in this invention.

FIELD OF INVENTION

The present invention relates to the field of inference algo-
rithms.

BACKGROUND OF THE INVENTION

An inference algorithm 1s any algorithm that takes input
observations from the world and makes inferences about the
causes of those observations. Different types of inference
algorithms are stereo algorithms and computer vision algo-
rithms. Inference algorithms are used 1n several areas includ-
ing three-dimensional imaging and voice recognition and
natural language understanding. As technology utilizing
inference algorithms advances, methods for determining the
accuracy of these algorithms 1s essential. Accuracy determi-
nations are based on statistical characterizations of the per-
formance of the algorithm.

One possible statistical characterization of the perfor-
mance of an inference algorithm is 1n terms of the error of the
matches compared to “ground truth.” Comparison with
ground truth requires the build up a corpus of ground truth
observations and training the algorithm based on the corpus.
I1 suilicient quantities of ground truth are available estimating
the distribution of errors over many image pairs of many
scenes 1s relatively straight forward. This distribution could
then be used as a prediction of the accuracy of matches 1n new
1mages.

The comparison to ground truth, however, has several
drawbacks. Acquiring ground truth for any scene 1s an expen-
stve and problematic proposition, as several observations
must be recorded. Also, aquiring ground truth for any scene 1s
extremely time and labor intensive. Furthermore, any ground
truth measurements are subject to discrepancies 1n the mea-
surements, therefore reducing the accuracy of the perfor-
mance.

Accordingly, a need exists for a method for measuring the
accuracy of an inference algorithm that does not require com-
parison to ground truth. A need exists for a method that can
satisiy the above need and that 1s not time and labor intensive.
Furthermore, a need exists for a method that can satisiy the
above needs and that 1s cost effective and not overly expen-
SIve.

SUMMARY OF THE INVENTION

The present invention provides a method for measuring the
seli-consistency of inference algorithms. The present inven-
tion provides a method for measuring the accuracy of an
inference algorithm that does not require comparison to

10

15

20

25

30

35

40

45

50

55

60

65

2

ground truth. Rather, the present invention pertains to a
method for measuring the accuracy of an inference algorithm
by comparing the outputs of the inference algorithm against
cach other. Essentially, the present invention looks at how
well the algorithm applied to many of the different observa-
tions gives the same answer. In particular, the present inven-
tion provides a method that 1s not time and labor intensive and
1s cost elfective.

In the present embodiment, the present invention pertains
to a method for estimating the accuracy of inference algo-
rithms using self-consistency methodology. Self-consistency
methodology relies on the outputs of an inference algorithm
independently applied to different sets of views of a static
scene to estimate the accuracy of every element of the output
of the algorithm for a given set of views. An algorithm con-
sistent across many difierent observations of the same thing 1s
a self-consistent algorithm. By using self-consistency meth-
odology, the output 1s compared against itsell over many
different observations. An algorithm 1s self-consistent where
it gives the same answer when applied to many observations.

In the present embodiment, the algorithm is applied to
many different observations of the same static scene. The
observations are then compared to each other in a manner that
1s a function of the exact nature of the observation and the
inferences made. A statistical analysis of the self-consistency
1s then made which 1s used to fine-tune an algorithm or com-
pare different algorithms.

In one embodiment of the present invention, the internal
parameters of the algorithm are adjusted after each compari-
son to make the inference algorithm more and more consis-
tent. This 1s usetul for fine-tuning an algorithm to increase its
elfectiveness and accuracy.

In another embodiment of the present invention, different
inference algorithms may be compared against each other
over a number of observations. This 1s useful for determining
whether one algornithm 1s more eflective or accurate than
another algorithm. This 1s also useful for determining when
one algorithm 1s better than another algorithm.

These and other objects and advantages of the present
invention will become obvious to those of ordinary skill in the
art after having read the following detailed description of the
preferred embodiments which are 1llustrated in the various
drawing figures.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 1s a perspective view of a common-point match set.

FIG. 2(a) illustrates a sample scene of an aernal view of
terrain.

FIG. 2(b) 1llustrates a sample scene of an aerial view of a
tree canopy.

FIG. 2(c) 1s a graphical representation of a self-consistency
distribution for an 1mage of an aenal view of terrain.

FIG. 2(d)1s a graphical representation of a self-consistency
distribution for an 1mage of an aerial view of a tree canopy.

FIG. 2(e) 1s a graphical representation of a score dependent
scatter diagram for an image of an aerial view of terrain.

FIG. 2(1) 1s a graphical representation of a score dependent
scatter diagram for an image of an aerial view of a tree canopy.

FIG. 3 1llustrates six graphical representations of simula-
tions comparing un-normalized versus normalized self-con-
sistency distributions.

FIG. 4 1llustrates two graphical representations of simula-
tions comparing averaged theoretical and experimental
cCurves.
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FIG. § 1llustrates a graphical representation of the merged
distributions for a deformable mesh algorithm and a stereo
algorithm.

FIG. 6 illustrates three graphical representations of scatter
diagrams for different scores.

FI1G. 7 1llustrates three depictions of urban scenes.

FI1G. 8(a) 1llustrates three graphical representations of the
combined self-consistency distributions of six urban scenes.

FIG. 8(b) illustrates three graphical representations of the
scatter diagrams for the MDL score of six urban scenes.

FIG. 9(a) illustrates one 1mages of a scene at time t,

FIG. 9(b) 1llustrates one 1mages of a scene at time t,.

FI1G. 9(c) shows all significant differences found between
all pairs of 1mages at times t, and t, for a window size of
29%x29 (applied to a central region of the 1images).

FIG. 9(d) shows the union of all significant differences
tound between matches dertved from all pairs of images taken
at time t, and all pairs of 1images taken at time t.

FIG. 10 1s a flowchart showing the steps 1n a process for
estimating the accuracy of iiference algorithms using seli-
consistency methodology.

FI1G. 11(a) illustrates a scatter diagram for 170 image pairs
of rural scenes.

FIG. 11(b) illustrates a histogram of the normalized differ-
ence 1n the z coordinate of the triangulation of all common-
xy-coordinate match pairs.

FIG. 12(a) illustrates a graphical representation of a scatter
diagram.

FI1G. 12(b) 1llustrates a graphical representation of a histo-
gram.

FIG. 13(a) 1llustrates one of 5 1images of a scene taken in
1995.

FIG. 13(b) illustrates one of 5 images of a scene taken in
1998.

FIG. 13(c) illustrates an image where vertices that were
deemed to be significantly are overlaid as white cross on the
image 1n which 1s a magnified view of the dried creek bed of
FIG. 13(a).

FIG. 14(a) illustrates a graphical representation of a scatter
diagram.

FIG. 14(b) 1llustrates a graphical representation of a histo-
gram.

FIG. 15(a) illustrates a graphical representation of a scatter
diagram.

FI1G. 15(b) 1llustrates a graphical representation of a histo-
gram.

FI1G. 16(a) shows one of 4 images taken at time 1

FI1G. 16(b) shows one of the images taken at time 2.

FIG. 16(c) shows the significant differences between the
matches derived from a single pair of 1images taken at time 1
and the matches derived from a single pair of images taken at
time 2.

FIG. 16(d) shows the merger of the significant differences
between each pair of images at time 1 and each pair of images
at time 2.

FIG. 17(a) shows the differences between a single pair of

images at time 1 and a single pair of 1mages at time 2, for a
threshold of 3 unaits.

FI1G. 17(b) shows the differences for a threshold of 6 units,
which 1s the average diflerence detected 1n FIG. 14.

FIG. 17(c) 1llustrates the union of the differences for all
1mage pairs.

FI1G. 18 1llustrates the results of change detection an urban
scene with a new building.

FIG. 19 1llustrates the results of change detection for an
urban scene without significant changes.
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FIG. 20 1s a block diagram of an exemplary computer
system 1n accordance with one embodiment of the present
invention.

FIG. 21 1s a flowchart showing the steps 1n a process for
detecting changes 1n the 3-D shape of terrain and/or buildings
from aerial or satellite 1mages using self-consistency meth-
odology.

DETAILED DESCRIPTION

Retference will now be made in detail to the preferred
embodiments of the invention, examples of which are 1llus-
trated 1n the accompanying drawings. While the imnvention
will be described 1n conjunction with the preferred embodi-
ments, 1t will be understood that they are not intended to limit
the mvention to these embodiments. On the contrary, the
invention 1s intended to cover alternatives, modifications and
equivalents, which may be included within the spirit and
scope of the mvention as defined by the appended claims.
Furthermore, 1n the following detailed description of the
present mvention, numerous specific details are set forth in
order to provide a thorough understanding of the present
invention. However, 1t will be obvious to one of ordinary skill
in the art that the present invention may be practiced without
these specific details. In other instances, well-known meth-
ods, procedures, components, and circuits have not been
described 1n detail so as not to unnecessarily obscure aspects
of the present invention.

Some portions of the detailed descriptions that follow are
presented 1n terms of procedures, logic blocks, processing,
and other symbolic representations of operations on data bits
within a computer memory. These descriptions and represen-
tations are the means used by those skilled 1n the data pro-
cessing arts to most effectively convey the substance of their
work to others skilled 1n the art. A procedure, logic block,
process, etc., 1s here, and generally, concetved to be a seli-
consistent sequence of steps or instructions leading to a
desired result. The steps are those requiring physical manipu-
lations of physical quantities. Usually, though notnecessarily,
these quantities take the form of electrical or magnetic signals
capable of being stored, transferred, combined, compared,
and otherwise manipulated 1 a computer system. It has
proven convenient at times, principally for reasons of com-
mon usage, to refer to these signals as bits, bytes, values,
clements, symbols, characters, terms, numbers, or the like.

[. AMETHOD FOR MEASURING THE
ACCURACY OF INFERENCE ALGORITHMS
USING THE SELF-CONSISTENCY
METHODOLOGY

A new approach to characterizing the performance of
point-correspondence algorithms by automatically estimat-
ing the reliability of hypotheses (inferred from observations
of a “scene”) by certain classes of algorithms 1s presented. It
should be appreciated that the term “scene” refers not only to
visual scenes, but to the generic scene. (e.g. anything that so
can be observed—audio observations for voice recognition
purposes). An example 1s an algorithm that infers the 3-D
shape of an object (1.e., a collection of hypotheses about the
world) from a stereo 1mage pair (the observation of the scene).
Instead of relying on any “ground truth” it uses the seli-
consistency of the outputs of an algorithm independently
applied to different sets of views of a static scene. It allows
one to evaluate algorithms for a given class of scenes, as well
as to estimate the accuracy of every element of the output of
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the algorithm for a given set of views. Experiments to dem-
onstrate the usefulness of the methodology are presented.

1. INTRODUCTION

The human visual system exhibits the property of seli-
consistency: given a static natural scene, the perceptual infer-
ences made from one viewpoint are almost always consistent
with the inferences made from a different viewpoint. The first
step towards the goal of designing self-consistent computer
vision algorithms 1s to measure the self-consistency of the
influences of the current computer vision algorithm over
many scenes. An important refinement of this 1s to measure
the self-consistency of subsets of an algorithm’s inferences
that satisfy certain measurable criteria, such as having “high
confidence.”

Once the selif-consistency of the algorithm can be mea-
sured, and 1t 1s observed that this measure remains reasonably
constant over many scenes (at least for certain subsets), then
it 1s reasonably confident that the algorithm will be seli-
consistent over new scenes. More importantly, such algo-
rithms are also likely to exhibit the self-consistency property
of the human visual system: given a single view of a new
scene, such an algorithm 1s likely to produce inferences that
would be self-consistent with other views of the scene should
they become available later. This, measuring self-consistency
1s a critical step towards discovering (and eventually design-
ing) seli-consistent algorithms. It could also be used to learn
the parameters of an algorithm that leads to self-consistency.

It must be appreciated that self-consistency 1s a necessary,
but not sufficient, condition for a computer vision algorithm
to be correct. That 1s, 1t 1s possible (in principle) for a com-
puter vision algorithm to be self-consistent over many scenes
but be severely biased or entirely wrong. It 1s conjectured that
this cannot be the case for non-trivial algorithms. If bias can
be ruled out, then the self-consistency distribution becomes a
measure of the accuracy of an algorithm—one which requires
no “ground truth.” Also, self-consistency must be measured
over a wide variety of scenes to be a useful predictor of
self-consistency over new scenes. In practice, one can mea-
sure seli-consistency over certain classes of scenes, such as
close-up views of faces or aerial images of natural terrain.
2. A FORMALIZATION OF SELF-CONSISTENCY

A simple formalization of a computer vision algorithm as a
function that takes an observation £2 of a world W as 1nput
produces a set of hypotheses H about the world as output:

H_(hh h2: LR hn):F(Q:W)'

An observation £2 1s one or more images of the world taken
at the same time, perhaps accompanied by meta-data, such as
the time the 1mage(s) was acquired, the internal and external
camera parameters, and their covariances. It should be appre-
ciated that this example 1s applicable to observations other
than 1mages, but also to anything that can be observed (e.g.
audio observations for voice recognition purposes). A
hypothesis h nominally refers to some aspect or element of
the world (as opposed to some aspect of the observation), and
it normally estimates some attribute of the element it refers to.
This 1s formalized with the following set of functions that
depend both on F and £2:

a) Ret(h), the referent of the hypothesis h (e.g. which

clement 1n the world that the hypothesis refers to).

b) R(h, h")=Prob(Ref(h)=Ret(h'), an estimate of the prob-
ability that the two hypotheses h and h' (computed from
two observations of the same world) refer to the same
object or process 1n the world.

¢) Att(h), an estimate of some well-defined attribute of the
referent.
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d) Ac(h), an estimate of the accuracy distribution of Att(h).
When this 1s well-modeled by a normal distribution it
can be represented implicitly by its covaniance, Cov(h).

¢) Score(h), an estimate of the confidence that Att(h) 1s
correct.

Intuttively, two hypotheses h and h', dertved from observa-
tion €2 and €' of a static world W, are consistent with each
other if they both refer to the same object 1n the world and the
difference 1n their estimated attributes 1s small relative to their
accuracies, or if they do not refer to the same object. When the
accuracy 1s well modeled by a normal distribution the con-
sistency of the two hypotheses, C(h, h') can be written as

C(h, h")=R(h, h'(Att(h)-Att(h")) (Cov(h)+Cov(h") ™
(Att(h)-Att(h"))"

Note that the second term on the right 1s the Mahalanobis
distance between the attributes which 1s referred to as the
normalized distance between attributes. Given the above, the
sell consistency of an algorithm can be measured as the

histogram of C(h, h') over all pairs of hypotheses 1n H=
(2(W) and H=F(£2C(h, h")(W) over all observations over all

suitable static worlds W. This distribution of C(h, h') 1s called
the self-consistency distribution of the computer vision algo-
rithm F over the worlds W. To simplify the exposition below,
the distribution for only pairs h and h' are calculated for which
R(h, h")1s about equal to 1. It 1s essential to appreciate that this
methodology 1s applicable to many classes of computer
vision algorithms, and not only to stereo algorithms.

Once established, the above functions can be used to esti-
mate the self-consistency of the algorithm, as follows:

a) Collecting many observations of a static scene W. This 1s
done for many static scenes that are within some well-
define class of scenes and observation conditions.

b) The algorithm 1s applied to each observation of W.

¢) For every hypothesis h(W) and h'(W") for which R(h,h")
1s close to 1, increment the histogram of (Att(h)-Att (h'))
normalized by Acc(h) and Acc(h') (an example 1s the
Mahalanobis distance: (Att(h)-Att(h"))*(Cov(h)+Cov
(h")~'(Att(h)-Att(h"))). The histogram can be condi-
tionalized on Score(h) and Score(h').

Theresulting histogram, or self-consistency distribution, 1s
an estimate of the reliability of the algorithm’s hypotheses,
conditionalized by the score of the hypotheses (and also
implicitly conditionalized by the class of scenes and obser-
vation conditions). When this distribution remains approxi-
mately constant over many scenes (within a given class) then
this distribution can be used as a prediction of the reliability of
that algorithm applied to just one observation of a new scene.

What makes the self-consistency methodology unique 1s
that 1t takes into account all of the complex interactions
between the algorithm, observations, and class of scenes.
These interactions are typically too complex to model
directly, or even approximately. This usually means that there
ex1sts no good estimate of an algorithm’s reliability, except
for that provided by seli-consistency.

The seli-consistency methodology presented 1n the present
invention 1s useful 1n many fields. For one, 1t 1s very useful for
any practitioner ol computer vision or artificial intelligence
that needs an estimate of the reliability of a given inference
algorithm applied to a given class of scenes. Also, the seli-
consistency methodology can be used to eliminate unreliable
hypotheses, optimally combine the remaining hypotheses
into a more accurate hypothesis (per referent), and clearly
identify places where combined hypotheses are insuificiently
accurate for some stated purpose. For example, there 1s a
strong need from both civilian and military organizations to
estimate the 3-D shape of terrain from aerial images. Current
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techniques require large amounts of manual editing, with no
guarantee of the resulting product. The methodology could be
used to produce more accurate shape models by optimally
combining hypotheses, as stated above, and to 1dentify places
where manual editing 1s required.

The self-consistency methodology has a significant advan-
tage over the prior art use of ground truth because the estab-
lishment of suificient quantities of highly accurate and reli-
able ground truth to estimate reliability 1s prohibitively
expensive, whereas minimal effort beyond data gathering 1s
required for applying the self-consistency methodology
3. SELF-CONSISTENCY AND STEREO ALGORITHMS

The above self-consistency formalism can be applied to
stereo algorithms. It 1s assumed that the projection matrices
and associated covariances are known for all images.

The hypothesis h produced by a traditional stereo algo-
rithm 1s a pair of 1image coordinates (x,, X,) 1n each of two
images, (I, I,). In its simplest form a stereo match hypothesis
h asserts that the closest opaque surface element along the
optic ray through x,. That 1s, the referent of h, Ref(h), 1s the
closest opaque surface element along the optic rays through
both x, and x,.

Consequently, two stereo hypotheses have the same refer-
ent 1f their image coordinates are the same 1n one 1image. In
other words, 11 there 1s a match 1n 1image pair and a match 1n
image pair then the stereo algorithm 1s asserting that they
refer to the same opaque surface element when the coordi-
nates of the matches in Image I1 are the same. Self-consis-
tency, 1n this case, 1s a measure of how often (and to what
extent) this assertion 1s true.

The above observation can be used to write the following
set of associated functions for a stereo algorithm. It 1s
assumed that all matches are accurate to within some nominal
accuracy g, 1n pixels (typically o=1). This can be extended to
include the full covariance of the match coordinates.

a) Ret(h), the closest opaque surface element visible along

the optic rays through the match points.

b) R(h, h")=1 1T h and h' have the same coordinate (within o)

in one 1mage, 0 otherwise.

¢)Atn(h), the triangulated 3D (or projective) coordinates of

the surface element.

d) Acc(h), the covaniance of Att(h), given that the match

coordinates are N(X,, 0) and N(X,, 0) random variables.
¢) Score(h), a measure such as normalized cross-correla-
tion or sum of squared differences.

In this case, the self-consistency distribution 1s the histo-
gram ol normalized differences 1n triangulated 3D points for

pairs of matches with a common point 1n one 1mage.
4. THE SELF-CONSISTENCY DISTRIBUTION

4.1. A METHODOLOGY FOR ESTIMATING TH
SELF-CONSISTENCY DISTRIBUTION

Ideally, the self-consistency distribution should be com-
puted using all possible variations of viewpoint and camera
parameters (within some class of variations) over all possible
scenes (within some class of scenes ). However, an estimate of
the distribution can be computed using some small number of
images ol a scene, and an average distribution over many
SCEenes.

Initially, a fixed collection of images assumed to have been
taken at exactly the same time (or, equivalently, a collection of
images of a static scene taken over time). Each image has a
unique mdex and associated projection matrix and (option-
ally) projection covariances, which are supposed to be
known. The projection matrix describes the projective linear
relationship between the three-dimensional coordinates of a
point in a common coordinate system, and 1ts projection on an
image. It should be appreciated that although the methodol-
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ogy 1s easier to apply when the coordinate system 1s Euclid-
can, the minimal requirement 1s that the set of projection
matrices be a common projective coordinate system.

A stereo algorithm 1s then applied independently to all
pairs of images 1n this collection. It should be appreciated that
stereo algorithms can find matches 1n n >2 images. In this
case, the algorithm would be applied to all subsets of size n.
Here n=2 1s used only to simplify the presentation. Each such
pair of 1mages 1s an observation in the above formalism. The
output of a point correspondence algorithm 1s a set of matches
of two-dimensional point and, optionally, a score that repre-
sents a measure of the algorithm’s confidence 1n the corre-
sponding match. The score would have a low value when the
match 1s certain and a high value when the match 1s uncertain.
The image 1indices, match coordinates and score are reported
in match files for each 1image patr.

The match files are searched for pairs ol matches that have
the same coordinate in one 1mage. For example, as illustrated
in FI1G. 1, a match 1s derived from images 1 and 2, another
match 1s derived from 1mages 1 and 3, and these two matches
have the same coordinate 1n image 1, then these two matches
have the same referent. Such a pair of matches, which s called
a common-point match set, should be self-consistent because
they should correspond to the same point 1n the world. This
extends the principle of the trinocular stereo constraint to
arbitrary camera configurations and multiple images.

(Given two matches 1n a common-point match set, the dis-
tance between the triangulations can now be computed after
normalizing for the camera configurations. The histogram of
these normalized differences, computed over all common-
point matches, 1s the estimate of the self-consistency distri-

bution.
4.2. AN EXAMPLE OF THE SELF-CONSISTENCY

DISTRIBUTION

To 1illustrate the self-consistency distribution, the above
methodology 1s first applied to the output of a simple stereo
algorithm. The algorithm first rectifies the iput pair of
images and then searches for 7x7 windows along scan lines
that maximize a normalized cross-correlation metric. Sub-
pixel accuracy 1s achieved by fitting a quadratic to the metric
evaluated at the pixel and 1ts two adjacent neighbors. The
algorithm first computes the match by comparing the left
image against the right and then comparing the right image
against the left. Matches that are not consistent between the
two searches are eliminated. Note that this 1s a way of using
seli-consistency as a filter.

The stereo algorithm was applied to all pairs of five aerial
images ol bare terrain, one of which 1s illustrated in FI1G. 2(a).
These images are actually small windows from much larger
images (about 9000 pixels on a side) for which precise ground
control and bundle adjustment were applied to get accurate
camera parameters. Because the scene depicted in FIG. 2(a)
consisted of bare, relatively smooth terrain with little vegeta-
tion, 1t would be expected that the stereo algorithm described
would perform well. This expectation 1s confirmed anecdot-
ally by visually inspecting the matches.

However, a quantitative estimated for the accuracy of the
algorithm for this scene may be achieved by computing the
self-consistency distribution of the output of the algorithm
applied to the ten 1mages pairs in this collection. FIGS. 2(c)
and 2(d) show two versions of the distribution. The solid
curve 1s the probability density (the probability that the nor-
malized distance equals x). It 1s useful for seeing the mode
and the general shape of the distribution. The dashed curve 1s
the cumulative probability distribution (the probability that
the normalized distance 1s less than x). It 1s useful for seeing
the median of the distribution (the point where the curve
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reaches 0.5) or the fraction of match pairs with normalized
distances exceeding some value.

In this example (FIG. 2(c)), the selif-consistency distribu-
tion shows that the mode 1s about 0.5, about 95% of the
normalized distances are below 1, and that about 2% of the
match pairs have normalized distances above 10.

In FIG. 2(d), the self-consistency distribution 1s shown for
the same algorithm applied to all pairs of five aerial images of
a tree canopy, one of which 1s illustrated 1n FIG. 2(b). Such
scenes are notoriously difficult for stereo algorithms. Visual
ispection of the output of the stereo algorithm confirms that
most matches are quite wrong. This can be quantified using
the self-consistency distribution in FIG. 2(d). It 1s seen that,
although the mode of the distribution is still about 0.5, only
10% of the matches have a normalized distance of less than 1,
and only 42% of the matches have a normalized distance of
less than 10.

Note that the distributions 1llustrated above are not well
modeled using Gaussian distributions because of the pre-
dominance of outliers (especially in the tree canopy
example). This 1s why 1t 1s more appropriate to compute the
tull distribution rather than use 1ts variance as a summary.

4.3. CONDITIONALIZATION

The global seli-consistency distribution, while usetul, 1s
only a weak estimate of the accuracy of the algorithm. This 1s
clear from the above examples, 1n which the unconditional
self-consistency distribution varied considerably from one
scene to the next. However, the self-consistency distribution
for matches having a given “score” can be computed. This 1s
illustrated 1n FIGS. 2(e) and 2(1) using a scatter diagram. The
scatter diagram shows a point for every pair of matches, the x
coordinate being the normalized distance between the

matches.

There are several points to note about the scatter diagrams.
First, the terrain example (FIGS. 2(a), 2(c), and 2(e)) shows
that most points with scores below 0 have normalized dis-
tances less than about 1. Second, most of the points 1n the tree
canopy example (FIGS. 2(b), 2(d), and 2(1)) are not seli-
consistent. Third, none of the points 1n the tree canopy
example have scores below zero. Thus, 1t would seem that this
score 1s able to segregate self-consistent matches from non-
self-consistent matches, even where the scenes are radically
different.

5. PROJECT NORMALIZATION

To apply the self-consistency method to a set of images all
that 1s needed 1s a set of projection matrices 1 a common
projective coordinate system. This can be obtained from point
correspondences using projective bundle adjustment and
does not require camera calibration. The Euclidean distance
1s not invariant to the choice ol projective coordinates, but this
dependence can often be reduced by using the normalization
described below. Another way to do so, which actually can-
cels the dependence on the choice of projective coordinates, 1s
to compute the difference between the reprojections instead
of the triangulations. This, however, does not cancel the
dependence on the relative geometry of the cameras.

5.1 THE MAHALANOBIS DISTANCE

Assuming that the contribution of each individual match to
the statistics 1s the same 1gnores many 1imaging factors like the
geometric configuration of the cameras and their resolution,
or the distance of the 3D point from the cameras. The way to
take into account all of these factors 1s to apply a normaliza-
tion which makes the statistics invariant to these imaging,
factors. In addition, this mechanism makes 1t possible to take
into account the uncertainty 1n camera parameters by includ-
ing them into the observation parameters.
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It 1s assumed that the observation error (due to 1mage noise
and digitalization effects) 1s Gaussian. This makes it possible
to compute the covariance of the reconstruction given the
covariance of the observations. Considering two recon-
structed estimates of a 3-D point, M, and M,, to be compared,
and their computed covariance matrices A; and A,. The
squared Euclidean distance between M, and M, 1s weighed
by the sum of their covaniances. This vields the Mahalanobis
distance: (M, -M,) (A,-A,)""(M,-M.,).

5.2 DETERMINING THE RECONSTRUCTION AND
REPROJECTION COVARIANCES

I1 the measurements are modeled by the random vector X,
of mean X, and of covariance A _, then the vector y=1I(x) 1s a
random vector of mean 1s {(x,) and, up to the first order,
covariance J(Xq)AJ f(XD)T , Where J (X,) 1s the Jacobian matrix
of 1, at the point x,,.

In order to determine the 3-D distribution error in recon-
struction, the vector x 1s defined by concatenating the 2-D
coordinates of each point of the match, e.g. [X,; v;: X,
V,; . .. Xy | and the result of the function 1s the 3-D
coordinates X, Y, Z of the point M reconstructed from the
match, 1 the least-squares sense. The key 1s that M 1s
expressed by a closed-form formula of the form M=
(L'L)’>" ,L"b, where L and b are a matrix and vector which
depend on the projection matrices and coordinates of the
points in the match. This makes 1t possible to obtain the
dertvatives of M with respect to the 2n measurements w; 1=
1...n; w=x,v. It1s also assumed that the errors at each pixel
are independent, uniform and 1sotropic. The covariance
matrix A, 1s then diagonal, therefore each element of A, ,can
be computed as a sum of independent terms for each image.

The above calculations are exact when the mapping
between the vector of coordinates of m, and M(respectively
m'; and M) is linear, since 1t 1s only in that case that the
distribution of M and M' 1s Gaussian. The reconstruction
operation 1s exactly linear only when the projection matrices
are affine. However, the linear approximation 1s expected to
remain reasonable under normal viewing conditions, and to
break down only when the projection matrices are in configu-
rations with strong perspective.

6. EXPERIMENTS

6.1 SYNTHETIC DATA

In order to gain insight into the nature of the normalized
self-consistency distributions, the case when the noise 1n
point localization 1s Gaussian 1s mvestigated. First, the ana-
lytical model for the selif-consistency distribution 1n that case
1s dertved. Then it 1s shown, using monte-carlo experiments
that, provided that the geometrical normalization described
above 1s used, the experimental self-consistency distributions
fit this model quite well when perspective ellects are not
strong. A consequence of this result 1s that under the hypoth-
es1s that the error localization of the features 1n the 1mages 1s
Gaussian, the self-consistency distribution could be used to
recover exactly the accuracy distribution.

MODELING THE GAUSSIAN
SELF-CONSISTENCY DISTRIBUTIONS

The squared Mahalanobis distance 1 3D follows a chi-
square distribution with three degrees of freedom:

1
Ve
2r

X3 =
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In the present invention, the Mahalanobis distance 1s com-
puted between M, M', reconstructions in 3D, which are
obtained from matches m,, m', of which coordinates are
assumed to be Gaussian, zero-mean and with standard devia-
tiona. It M, M' are obtained from the coordinates m,, m'; with
a linear transformation A, A', then the covariances are o~

AA’ o° A'AY. The Mahalanobis distance follows the distri-
bution:

dy=x*/o°V2/r g 207 (1)

Using the Mahalanobis distance, the seli-consistency dis-
tributions should be statistically independent of the 3D points
and projection matrices. Of course, if just the Euclidean dis-
tance was used, there would be no reason to expect such an
independence.

COMPARISON OF THE NORMALIZED AND
UNNORALIZED DISTRIBUTIONS

To explore the domain of validity of the first-order approxi-
mation to the covariance, three methods to generate random
projection matrices have been considered:

1. General projection matrices are picked randomly.

2. Projection matrices are obtained by perturbing a fixed,
realistic matrix (which 1s close to affine). Entries of this
matrix are each varied randomly within 500% of the
initial value.

3. Afline projection matrices are picked randomly.

Each experiment 1n a set consisted of picking random 3D
points, random projection matrices according to the configu-
ration previously described, projecting them, adding random
(Gaussian noise to the matches, and computing the self-con-
sistency distributions by labeling the matches so that they are
perfect.

To 1illustrate the invariance of the distribution that can be
obtained using the normalization, experiments were per-
tormed where both the normalized version and the unnormal-
1zed version of the self-consistency were computed. As 1llus-
trated 1n FIG. 3, using the normalization reduced dramatically
the spread of the self-consistency curves found within each
experiment 1n a set. In particular, in the two last configura-
tions, the resulting spread was very small, which indicates
that the geometrical normalization was successful at achiev-
ing mvariance with respect to 3D points and projection matri-
ces.

COMPARISON OF THE EXPERIMENTAL AND
THEORETICAL DISTRIBUTIONS

Using the Mahalanobis distance, the density curves within
cach set of experiments 1s then averaged, and tried to fit the
model described 1n Equation 1 above to the resulting curves,
for six different values of the standard deviation, 0=0.5, 1,
1.5, 2, 2.5, 3. As 1llustrated 1n FIG. 4, the model describes the
average self-consistency curves very well when the projec-
tion matrices are ailine (as expected from the theory), but also
when they are obtained by perturbation of a fixed matrix.
When the projection matrices are picked totally at random,
the model does not describe the curves very well, but the
different selif-consistency curves corresponding to each noise
level are still distinguishable.

6.2 COMPARING TWO ALGORITHMS

The experiments described here and 1n the following sec-
tion are based on the application of stereo algorithms to
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seventeen scenes, each comprising five images, for a total of
85 mmages and 170 image pairs. At the highest resolution,
cach image 1s a window of about 900 pixels on a side from
images ol about 9000 pixels on a side. Some of the experi-
ments were done on gaussian-reduced versions of the images.
These images were controlled and bundle-adjusted to provide
accurate camera parameters.

A single self-consistency distribution for each algorithm
was created by merging the scatter data for that algorithm
across all seventeen scenes. Previous two algorithms have
been compared, but using data from only four images. By
merging the scatter data as done here, 1t 1s now possible to
compare algorithms using data from many scenes. This
results 1n a much more comprehensive comparison.

The merged distributions are shown 1n FIG. 5 as probabil-
ity density functions for the two algorithms. The solid curve
represents the distribution for the deformable mesh algo-
rithm, and the dashed curve represents the distribution for the
stereo algorithm described above.

Comparing these two graphs shows some interesting dif-
ferences between the two algorithms. The deformable mesh
algorithm clearly has more outliers (matches with normalized
distances above 1), but has a much greater proportion of
matches with distances below 0.25. This 1s not unexpected
since the strength of the deformable meshes 1s 1ts ability to do
very precise matching between images. However, the algo-
rithm can get stuck in local mimima. Self-consistency now
allows us to quantily how often thus happens.

But this comparison also 1llustrates that one must be very
careful when comparing algorithms or assessing the accuracy
of a given algorithm. The distributions are very much depen-
dent on the scenes being used (as would also be the case 1f
comparing the algorithms against ground truth—the *“gold
standard” for assessing the accuracy of a stereo algorithm). In
general, the distributions will be most useful 1t they are
derived from a well-defined class of scenes. It might also be
necessary to restrict the imaging conditions (such as resolu-
tion or lighting) as well, depending on the algorithm. Only
then can the distribution be used to predict the accuracy of the
algorithm when applied to images of similar scenes.

6.3 COMPARING THREE SCORING FUNCTIONS

To eliminate the dependency on scene content, 1t 1s pro-
posed to use a score associated with each match. The scatter
diagrams 1n FIGS. 2(e) and 2(1) 1llustrated how a scoring
function might be used to segregate matches according to
their expected self-consistency.

In this section three scoring functions will be compared,
one based on Minimum Description Length Theory (the
MDL score—see Part 11, Section 2.3, inira), the traditional
sum-of-squared-differences (SSD) score, and the SSD score
normalized by the localization covariance (SSD/GRAD
score). All scores were computed using the same matches
computed by the deformable mesh algorithm applied to all
image pairs of the seventeen scenes mentioned above. The
scatter diagrams for all of the areas were then merged together
to produce the scatter diagrams show 1n FIG. 6. The MDL
score has the very nice property that the confidence interval
(as defined earlier) rises monotonically with the score, at least
until there 1s a paucity of data, when then score 1s greater than
2. It also has a broad range of scores (those below zero) for
which the normalized distances are below 1, with far fewer
outliers than the other scores.

The SSD/GRAD score also increases monotonically (with
perhaps a shallow dip for small values of the score), but only
over a small range. The traditional SSD score, on the other
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hand, 1s distinctly not monotonic. It 1s fairly non-self-consis-
tent for small scores, then becomes more self-consistent, and
then rises again.

6.4 COMPARING WINDOW SIZE

One of the common parameters in a traditional stereo algo-
rithm 1s the window size. FI1G. 7 presents one image from six
urban scenes, where each scene comprised four images. FIG.
8(a) shows the merged scatter diagrams and FIG. 8(b) shows
the global self-con31stency distributions for all six scenes, for
three window sizes (7x7, 15x15, and 29x29). Some of the
observations to note from these experiments are as follows.

First, note that the scatter diagram for the 7x7 window of
this class of scenes has many more outliers for scores below
—1 than were found 1n the scatter diagram for the terrain
scenes. This 1s reflected 1n the global self-consistency distri-
bution 1n (b), where one can see that about 10% of matches
have normalized distances greater than 6. The reason for this
1s that this type of scene has significant amounts of repeating
structure along epipolar lines. Consequently, a score based
only on the quality of fit between two windows (such as the
MDL-based score) will fail on occasion. A better score would
include a measure of the uniqueness of a match along the
epipolar line as a second component.

Second, note that the number of outliers in both the scatter
diagram and the self-consistency distributions decreases as
window size decreases. Thus, large window sizes (in this
case) produce more self-consistent results. But 1t also pro-
duces fewer points. This 1s probably because this stereo algo-
rithm uses left-right/right-left equality as a form a self-con-
sistency filter.

The matches as a function of window size have also been
visually examined. When restricted to matches with scores
below -1, 1t 1s observed that matches become sparser as
window size increases. Furthermore, 1t appears that the
matches are more accurate with larger window sizes. This 1s
quite different from the results of Faugeras, et al. There it was
found that, 1n general, matches became denser but less accu-
rate as window size increased. It 1s believed that this 1s
because an MDL score below -1 keeps only those matches
tor which the scene surface 1s approximately fronto-parallel
within the extent of the window, which 1s a situation 1n which
larger window sizes increases accuracy. This 1s borne out by
visual observations of the matches. On the other hand, this
result 1s basically 1n line with the results of Szeliski and
Z.abih, who show that prediction error decreases with window
S1ZE.

6.5 DETECTING CHANGE

One application of the self-consistency distribution 1s
detecting changes 1n a scene over time. Given two collections
of 1mages of a scene taken at two points 1n time, matches
(from different times) can be compared that belong to the
same surface element to see 1f the different 1in triangulated
coordinates exceeds some significance level.

If restricted to surfaces that are well-modeled as a single-
valued function of (X, y), such as terrain viewed from above,
the task of finding a pair of matches that refers to the same
surface element becomes straightforward: find a pair of
matches whose world (X, y) coordinates are approximately
the same. Using the larger of the scores of the two matches,
the self-consistency distribution can be used to find the largest
normalized difference that 1s expected, say, 99% of the time.
This 1s the 99% significance level for detecting change If the
normalized ditference exceeds this value, then the difference
1s due to a change 1n the terrain.

The significant differences have been computed for the first
scene 1 FIG. 7, as 1llustrated 1n FIG. 9. FIG. 9(a) 1s one of 4

images of the scene at time t,, FIG. 9(b) 1s one of six images
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of the scene at time t,. Note the new buildings near the center
of theimage. FIG. 9(c) shows all significant differences found
between all pairs of 1images at times t; and t, for a window size
01 29x29 (applied to a central region of the images). FIG. 9(d)
shows the union of all significant differences found between
matches derived from all pairs of images taken at time to and
all pairs of images taken at time t,. The majority of the
significant differences were found at the location of the new
building.

FIG. 10 1s a block diagram of process 100 for estimating,
the accuracy of inference algorithms using self-consistency
methodology.

In step 110 of process 100, a number of observations of a
static scene are taken. An inference algorithm takes an obser-
vation as mput and produces a set of hypotheses about the
output. An observation 1s one or more 1images of a static scene
taken at the same time and perhaps accompanied by meta-
data, such as the time the image(s) was acquired, the internal
and external parameters, and their covariances. A hypothesis
nominally refers to some aspect or element of the world (as
opposed to some aspect of the observation), and 1t normally
estimates some attribute of the element it refers to.

In one embodiment a fixed collection of 1images 1s taken at
exactly the same time. In another embodiment a collection of
images of a static scene 1s taken over time. Each image has a
unmique index and associated projection matrix and (option-
ally) projection covariances, which are supposed to be
known. The projection matrix describes the projective linear
relationship between the three-dimensional coordinates of a
point in a common coordinate system, and its projection on an
image. It should be appreciated that although the methodol-
ogy 1s easier to apply when the coordinate system 1s Fuclid-
can, the minimal requirement 1s that the set of projection
matrices be a common projective coordinate system.

In step 120 of process 100, the inference algorithm 1s
applied independently to each observation.

In step 130 of process 100, a statistical analysis 15 per-
formed. For every pair of hypotheses for which the probabil-
ity that the first hypothesis refers to the same object 1n the
world as the second hypothesis 1s close to 1, a histogram 1s
created. The histogram is incremented by a function of an
estimate of some well-defined attribute of the referent of the
hypothesis and by the covariance of the hypothesis. Option-
ally, as shown 1n step 140, the histogram may be condition-
alized on a score.

In one embodiment, the resulting histogram (or self-con-
sistency distribution) 1s an estimate of the reliability of the
algorithm’s hypotheses, optionally conditionalized by the
score of the hypotheses.

In step 150 of process 100, the inference algorithm 1s
adjusted according to the resulting histogram, to provide a
more accurate and self-consistent inference algorithm.

FIG. 20 1s a block diagram of one embodiment of device
200 for hosting a method for estimating an accuracy of an
inference process in accordance with the present invention. In
the present embodiment, device 200 1s any type of intelligent
clectronic device (e.g., a desktop or laptop computer system,
a portable computer system or personal digital assistant, a cell
phone, a printer, a fax machine, etc.).

Continuing with reference to FIG. 20, device 200 includes
an address/data bus 201 for communicating information, a
central processor 250 coupled with the bus 201 for processing
information and instructions, a volatile memory 210 (e.g.,
random access memory, RAM) coupled with the bus 201 for
storing information and instructions for the central processor
250, and a non-volatile memory 230 (e.g., read only memory,
ROM) coupled with the bus 201 for storing static information




US RE42,999 E

15

and 1nstructions for the processor 250. Device 200 also
includes an optional data storage device 290 (e.g., a memory

stick) coupled with the bus 201 for storing information and
istructions. Data storage device 290 can be removable.
Device 200 also optionally contains a display device 240
coupled to the bus 201 for displaying information to the
computer user.

In one embodiment, device 200 of FIG. 20 includes host
interface circuitry 220 coupled to bus 201. Host interface
circuitry 220 includes an optional digital signal processor
(DSP) 222 for processing data to be transmitted or data that
are recerved via a transceiver. Alternatively, processor 250
can perform some or all of the functions performed by DSP
222,

Also 1ncluded 1n device 200 1s an optional alphanumeric
iput device 260 that, 1n one implementation, 1s keyboard.
Alphanumeric input device 260 can communicate informa-
tion and command selections to processor 250 via bus 201.

Device 200 also includes an optional cursor control or
directing device (on-screen cursor control 280) coupled to
bus 201 for communicating user input information and com-
mand selections to processor 250. In one implementation,
on-screen cursor control device 280 1s a mouse or touchpad
device incorporated with display device 240. On-screen cur-
sor control device 280 1s capable of registering a position on
display device 240. The display device 240 utilized with
device 200 may be a liqud crystal display (LCD) device, a
cathode ray tube (CRT), a field emission display device (also
called a flat panel CRT), or other display device suitable for
generating graphic images and alphanumeric characters rec-
ognizable to the user.

A general formalization of a perceptual observation called
self-consistency has been presented, and have proposed a
methodology based on this formalization as a means of esti-
mating the accuracy and reliability of point-correspondence
algorithms, comparing different stereo algorithms, compar-
ing different scoring functions, comparing window sizes, and
detecting change over time. A detailed prescription for apply-
ing this methodology to multiple-image point-correspon-
dence algorithms has been presented, without any need for
ground truth or camera calibration, and have demonstrated
it’s utility in several experiments.

The self-consistency distribution 1s an 1dea that has pow-
erful consequences. It can be used to compare algorithms,
compare scoring functions, evaluate the performance of an
algorithm across different classes of scenes, tune algorithm
parameters (such as window size), reliably detect changes in
a scene, and so forth. All of this can be done for little manual
cost beyond the precise estimation of the camera parameters
and perhaps manual inspection of the output of the algorithm
on a few 1mages to 1dentify systematic biases.

The general selt-consistency formalism developed 1n Sec-
tion 2, which examines the self-consistency of an algorithm
across independent experimental trials of different view-
points of a static scene, can be used to assess the accuracy and
reliability of algorithms dealing with a range of computer
vision problems. This could lead to algorithms that can learn
to be seli-consistent over a wide range of scenes without the
need for external training data or “ground truth.”

II. DETECTING CHANGES IN 3-D SHAPE
USING SELF-CONSISTENCY METHODOLOGY
OR RESAMPLING THEORY

A method for reliably detecting change 1n the 3-D shape of
objects that are well-modeled as single-value functions z=1(x,
y) 1s presented. It uses an estimate of the accuracy of the 3-D
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models dertved from a set of 1mages taken simultaneously.
This accuracy estimate 1s used to distinguish between signifi-

cant and insignificant changes in 3-D models derived from
different image sets. The accuracy of the 3-D model 1s esti-
mated using a general methodology, called self-consistency,
for estimating the accuracy of computer vision algorithms,
which does not require prior establishment of “ground truth™.
A novel 1mage-matching measure based on Minimum
Description Length (MDL) theory allows for estimating the
accuracy of individual elements of the 3-D model. Experi-
ments to demonstrate the utility of the procedure are pre-
sented.

1. INTRODUCTION

Detecting where an object’s 3-D shape has changed
requires not only the ability to model shape from i1mages
taken at different times, but also the ability to distinguish
significant from insignificant differences in the models
derived from two 1mage sets.

Presented 1s an approach to distinguishing significant from
isignificant changes based on a novel methodology called
self-consistency. This methodology allows for estimating, for
a given 3-D reconstruction algorithm and class of scenes, the
expected variation 1n the 3-D reconstruction of objects as a
function of viewing geometry and local image-matching
quality (referred to as a “score”). Diflerences between two
3-D reconstructions of an object that exceed this expected
variation for a given significance level are deemed to be dueto
a change in the object’s shape, while those below this are
deemed to be due to uncertainty 1n the reconstructions.

The methodology for change detection presented 1s based
on two simplifying assumptions. First, the specific class of
objects that 1s used here 1s terrain (both urban and rural)
viewed from above using aerial imagery. The terrain 1s mod-
cled as a single function z=1(x, v), where z represented eleva-
tion above the ground plane and the (X, y) plane 1s tangent to
the earth’s surface. It should be appreciated that other classes
of scenes can also be modeled 1n this manner. Second, 1t 1s
assumed that all the camera parameters for all the images are
known 1n a common coordinate system, which 1s obtained by
bundle adjustment over all images. Together, these two
assumptions reduce the problem of detecting changes 1n 3-D
shape to that of finding point-by-point significant differences
in scalar values.

2 THE SELF-CONSISTENCY METHODOLOGY
OR RESAMPLING THEORY FOR CHANGE
DETECTION

The self-consistency methodology can be used to auto-
matically and reliably detect changes 1n terrain and/or build-
ings over time. The approach consists of several key steps. In
briet, the steps are:

a) Collecting and controlling imagery of a site at different
points in time. At least 2 overlapping images per point 1n
time are required, although more 1images improves the
accuracy and rehability.

b) Using 3-D reconstruction algorithms 3-D models of the
site are created. There will typically be several models
per site, one per pair of images taken at one point 1n time.
These models are expected to be incomplete and par-
tially incorrect. A “score” (such as the MDL-based
score) 1s computed for each model element.
¢) [Needed for step 4(a) only]. Applying steps 1 and 2 to

a representative sample of sites and collecting statis-
tics on the variation 1n model elevations at each
ground coordinate, as a function of the score. Merging,
the statistics over all representative sites.
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d) Applying step 2 to a site 1n question. For every ground
coordinate, comparing the models dertved at one point
in time against the models derived at another point 1n
time.

a) Using the statistics of step 3 to determine which
ground coordinates have elevations that are statisti-
cally significantly different. This step can be used
when there are as few as two 1mages for each point 1n
time.

b) Using resampling theory to compare the mean or
median elevation for each ground coordinate (com-
parison of other statistics may also be useful). This
requires at least 3 1images per point in time, but 1s less
reliable than (a) when there are fewer than about 5
1mages per point 1n time.

The major advantage in this approach 1s the statistical
measurement of the reliability of a specific stereo algorithm
applied to a specific class of scenes. This eliminates the need
for ad hoc thresholds for detecting change.

This approach 1s usetul for any company seeking to pro-
vide services to cities and other government agencies that
need to know when significant changes have occurred over an
area. Specific applications include: (a) automatically detect-
ing changes 1 building height and/or shape or tax purposes,
(b) automatically detecting changes in terrain after emergen-
cies such as floods or earthquakes. This 1s also useful for any
company currently selling satellite images that are seeking to
provided “added value™ to their current products (typically
raw and rectified images). This technology can also be
applied to the detection of changes in the 3-D shape of arbi-
trary objects that can be modeled as single-valued functions
of (X, y), such as certain car parts.

Resampling theory 1s used to compare the mean or median
clevation for each change 1in the models. Resampling theory 1s
a more specialized application of change detection. It 1s use-
tul, for example, when the scoring function does not segre-
gate well between good and bad matches, butis acceptable for
a specific scene. It should be noted that the comparison of
other statistics may also be useful. The use of resampling
theory requires at least 3 1mages per point 1n time. It should
also be noted that resampling theory is less reliable than

self-consistency methodology when there are fewer than
about 5 1mages per point 1n time.

2.1 SELF-CONSISTENCY OF STEREO AND UNCER-
TAINTY

In order to distinguish significant from insignificant
changes, 1t 1s necessary to have some kind of measure of the
uncertainty of the algorithm output.

The self-consistency methodology makes 1t possible to
measure the expected variation 1n the output of a computer
vision algorithm as a function of viewing geometry and con-
textual measures, for a given algorithm and a given class of
scenes. This expected variation can be expressed as a prob-
ability distribution that 1s called the selif-consistency distribu-
tion. It 1s computed from sets of 1mages by independent
applications of the algorithm to subsets of 1images, and 1n
particular does not require the knowledge of ground truth.

A stereo algorithm attempts to {ind matches consisting of a
pair of points, one in each image, that both correspond to the
same surface clement 1n the world. Though there are many
variations on this theme, a typical stereo algorithm starts with
a point 1n the first image. It searches for a matching point 1n
the second 1mage that maximizes some measure of the simi-
larity of the image 1n the neighborhood of the two points (e.g.
the score).
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When the internal and external camera parameters (the full
projection matrix for a pinhole camera) of a pair of 1images are
known, given a match and the camera parameters, the 3-D
coordinate of the surface element by triangulation can be
estimated.

Consider the example of having several images of a static
scene, all with known camera parameters. If the same stereo
algorithm 1s applied to all pairs of images of this scene 1t 1s
expected to get reconstructions that are quite similar 1n some
places (where there 1s good texture and the surface 1s locally
planar, for example) but quite different 1n others. The seli-
consistency distribution in this case 1s the distribution of
differences 1n the triangulated 3-D coordinates for matches
that belong to the same surface element, for all pairs of images
of a given static scene. The key step 1n estimating this seli-
consistency distribution 1s i1dentifying those matches from
different image pairs for which the stereo algorithm 1s assert-
ing belong to the same surface element.

In the application to terrain, the special form of the surface
being estimated, z=1(X, v), can be taken advantage of to find
matches t at necessarily correspond to the same surface ele-
ment. Namely, matches that are the same (x, y) coordinates
for their 3-D triangulation correspond to the same surface
clement. The histogram of the differences between the z
coordinates for such matches (appropriately normalized) 1s
called the common-xy-coordinate self-consistency distribu-
tion. This distribution 1s also particularly approprate for
object-centered surface-reconstruction algorithms, such as
the deformable meshes.

The normalization mentioned above divides the measured
difference by its expected variance for the given camera
parameters and an assumed variance of 1 pixel in match
coordinates. Consequently, a normalized difference of 1 unit
corresponds to a difference 1n disparity of about 1 pixel for
that particular pair of 1images.

2.2. SUMMARIZING SELF-CONSISTENCY WITH
THE MDL SCORE

It 1s desired to be able to compare a reconstruction of a
scene created with as few as two 1images of the scene taken at
timet, against a reconstruction ot the same scene created with
as few as two 1mages taken at a different time, t,. There 1s not
enough data in these conditions to compute the self-consis-
tency distribution. This difficulty 1s addressed by (a) comput-
ing self-consistency distributions as a function of a class of
scenes and a particular algorithm, and (b) computing seli-
consistency as a function of an appropriate score.

For a sufficiently restrained class of scenes (such as the set
of images of the rural scenes or the set of 1images of the urban
area), the self-consistency distribution remains reasonably
constant over many scenes taken at the same instant. The
average of these distributions can be used to represent the
self-consistency distribution of new 1mages of a new scene
within the same class.

Furthermore, this average distribution can be used to pre-
dict the expected variation in reconstruction when there 1s
only a single 1mage pair of a new scene within the same class.
The 1dea 1s to use the score as a predictor of self-consistency.
Since seli-consistency is correlated with the quality of recon-
struction, 1t 1s hoped that with a suitable score, the reconstruc-
tions will be similar for places where the match score was
good and dissimilar otherwise. The use of a score which has
this property 1s essential for the proposed change detection
method to work.

The present mvention uses a score based on Minimum
Description Length (MDL) theory 1s used. It has a stronger
correlation with self-consistency than other scores examined,
in particular the SSD residual.
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2.3. THE MDL-BASED SCORE

The problem with the traditional sum-of-squared-ditter-
ences (SSD) score 1s that 1t 1s ambiguous. That 1s, a low SSD
score can occur not only when the facet 1s correctly located
(as expected), but also when the facet 1s incorrectly located
and the terrain 1s spatially uniform.

Intuitively, then, what 1s wanted 1s an 1mage-matching
measure that 1s low only when the match between the pre-
dicted and observed pixel values 1s close and the pixel values
form a sufficiently complex pattern that it 1s unlikely to be
matched elsewhere.

The coding loss 1s a measure that satisfies this intuitive
requirement. It 1s the difference between two different ways
of encoding the pixels 1n the correlation windows. It 1s based
on Minimum Description Length (MDL) theory. In MDL
theory, quantized observations of a random process are
encoded using a model of that process. This model 1s typically
divided into two components: a parameterized predictor
function M(z) and the residuals (differences) between the
observations and the values predicted by that function. The
residuals are typically encoded using an 1.1.d. noise model.
MDVL 1s basically a methodology for computing the param-
cters z that yield the optimal lossless code length for this
model and for a given encoding scheme.

Given N mmages (2 for stereo), let M be the number of
pixels in the correlation window and let g/ be the image gray
level of the i pixel observed in imaged For image j, the
number of bits required to describe these gray levels depends
on the model chosen. The simplest coding model, used here,
1s to encode the pixels as 11D white noise. The encoding cost
in this case can be approximated by:

C=M-(log 0;+c)

where o, is the measured variance of the {g/}, ,—, and
c=l2log(2me).

Alternatively, these gray levels can be expressed in terms of
the mean gray level g, across images and the deviations
(g/-g.) from this average in each individual image. The cost
of describing the means, can be approximated by

C=M-(log o+c¢)

where o i1s the measured variance of the mean gray levels.
Similarly the coding length of describing deviations from the
mean 1s given by

d_NA. g+
C;*=M-(log 0,""¢c)

where q}.d 1s the measured variance of those deviations 1n
image 1. Note that, because the mean 1s described across the
images, only N-1 of the C, “ need by described. The descrip-
tion of the N one is 1mphclt

The MDL score 1s the difference between these two coding,
lengths, normalized by the number of samples, that 1s

Score = C + Z

l=j=N-1

_ch

1=j=N

When there 1s a good match between images, the
{g/1 _ _,haveasmallvariance. Consequently the de should
be small, C should be approximately equal to any of the C; and
Score should be negative. However, C, can only be strongly
negative 1f these costs are large enough, that 1s, if there 1s
enough texture for a reliable match.

2.4. THE CHANGE DETECTION ALGORITHM

In the first stage, the stereo algorithm 1s run on a large
number of subsets of 1images of the same class as those in

10

15

20

25

30

35

40

45

50

55

60

65

20

which 1t 1s desired to perform change detection. A bucketing
method 1s used to find all the common-xy-coordinate matches
(pairs of matches for which the 3-D reconstruction as the
same (X, y) value with 1n a threshold). Each such pair 1s
accumulated 1n a scatter diagram (see FIG. 11(a)) 1n which
the x-coordinate of 1s the larger of the scores for the two
matches, and the y-coordinate 1s the normalized difference
between their triangulated z coordinates.

Then the sigmificance level curves are extracted for the
values of significance s% (e.g. percent confidence in the
significance of the change). For a given value of the score (the
X-axi1s), this 1s the normalized difference below which s% of
the common-xy-coordinate match pairs with that score lie.

In the second stage, the pre-computed significance level
curves are used to judge w ether a pair of matches derived
from 1mages taken at different times 1s significantly different.
Using the same technique as before, the common-xy-coordi-
nate matches are found where each match originates from a
different instant, the larger of their scores 1s computed and the
normalized difference between triangulated z coordinates 1s
calculated.

If, for that score, this distance 1s above the significance
level s% then the pair of matches 1s deemed to be a difference
significant with confidence s%.

3. EXPERIMENTAL RESULTS

3.1. SELF-CONSISTENCY DISTRIBUTIONS

FIG. 11 1llustrates several representations of the common-
xy-coordinate self-consistency distribution. The distribution
was derived from the application of the point-by-point stereo
algorithm to 17 rural scenes, each consisting of 5 aerial
images, for a total of 17*%10=170 1mage pairs. The images ad
a ground resolution of approximately 15 cm.

The bar graph of FIG. 11(b) 1s the histogram of the nor-
malized difference in the z coordinate of the triangulation of
all common-xy-coordinate match pairs. It can be seen from
this histogram that the mode of the differences 1s about 1
normalized unit. The curve 1s the integral of this graph, or the
cumulative distribution function. It can be seen from this that
about 90% of the match pairs have normalized z differences
below 2 units.

Each point 1n FIG. 11(a) corresponds to a common-xy-
coordinate match pair. The x-coordinate of the point in the
diagram 1s the larger of the scores for the two matches, and the
y-coordinate 1s the normalized difference between their tri-
angulated z coordinates. The curve 1n FIG. 11(a) 1s the 99%
significance level. Note that significance level increases as the
score increases, indicating that matches with larger scores are
less self-consistent than matches with a lower score, an indi-
cation of the quality of the MDL score. The drop that
observed for positive values of the score 1s due to the fact that
there are only few common-xy-coordinate match pairs with
positive scores, so that calculations done with those values are
not statistically meaningtul.

FIG. 12 illustrates the common-xy-coordinate self-consis-
tency distribution for the deformable mesh algorithm applied
to the same 1mages. Note that it 1s significantly more seli-
consistent than the distribution for the stereo algorithm. This
1s as expected, since the deformable mesh algorithm was
specifically designed to provide highly accurate reconstruc-
tions of terrain.

FIG. 14 illustrates the common-xy-coordinate self-consis-
tency distribution for the stereo algorithm, with a correlation-
window size of 7x7 pixels, applied to 6 urban scenes, each
consisting of 4 images (a total of 6*6=36 1mage pairs) at a
ground resolution of approximately 50 cm. Note that the
cumulative distribution indicates that about 90% of the match
pairs have a normalized difference below 2 units.
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FIG. 15 shows the distribution for the same algorithm, but
using 15x15 image windows. Note that the cumulative dis-
tribution indicates that a much higher percentage, about 98%,
ol the match pair have a normalized diflerence below 2 units.

Note also that the significance level 1s, overall, higher than
tor the rural scenes. This 1s because there are many repeating
structures 1n rural scenes. Thus, a score based purely on the
similarity of 1mage windows cannot always distinguish
between good and bad matches. However, 1t 1s seen that larger

window sizes allow the score to distinguish good from bad
matches more oiten.

3.2. CHANGE DETENTION RESULTS

FIG. 13 shows the changes detected in one of the rural
scenes mentioned above, using the deformable mesh algo-
rithm. F1G. 13(a) 1llustrates one of 5 images of the scene taken
in 1993. The dark diagonal near the center of the 1mage 1s a
dried creek bed. FI1G. 13(b) shows one o1 5 images of the same
area taken 1n 1998. The dried creek bed as been filled 1n with

dirt, creating a change 1n elevation of about 1 meter. The
deformable mesh algorithm 1s applied to one pair of 1mages
taken 1n 1993. This 1s then compared to the deformable mesh
derived from one pair of 1images taken 1 1998. Vertices that
were deemed to be significantly different (above the 99%
level of the self-consistency distribution of FIG. 12(a)), are
overlaid as white cross on the image 1n FIG. 13(c), which is a
magnified view of the dried creek bed of FIG. 13(a).

The algorithm has also been applied to forested areas of the
same rural scene. Although the normalized differences 1n
z-coordinates 1s sometimes much larger (10 meters), no
changes were deemed significant. Indeed, 1t 1s known that the
mesh algorithm performs poorly on 1images of tree canoples
so that reconstruction noise could account for the differences.

FIG. 16 shows the changes (significant differences in z)
detected 1n one of the urban scenes mentioned above, but this
time using the stereo algorithm with 15x15 windows. FIG.
16(a) shows one of 4 images taken at time 1. Note the new
building near the center of the image. FIG. 16(b) shows one of
the images taken at time 2. FIG. 16(c) shows the significant
differences between the matches derived from a single pair of
images taken at time 1 and the matches derived from a single
pair of 1mages taken at time 2, for a significance level of
99.99%. FIG. 16(d) shows the merger of the significant dif-
ferences between each pair of 1mages at time 1 and each pair
of 1mages at time 2. Note that virtually all differences are at
the location of the new building.

For comparison, 1t 1s shown what would happen 1f the
normalized difference in triangulated z coordinates were sim-
ply thresholded. FI1G. 17(a) shows the differences between a
single pair of 1images at time 1 and a single pair of 1mages at
time 2, for a threshold of 3 units. FIG. 17(b) shows the
c1fferences for a threshold of 6 units, which i1s the average
difference detected in FI1G. 14. This value of the threshold 1s
the highest one for which no correct changes are missed, yet
it 1s seen that many incorrect changes are still detected. In
FIG. 17(c)1llustrates the union of the differences for all image
pairs.

In FIGS. 18 and 19 illustrate the results of change detection
for two other urban scenes, one with a new building, the other
without significant changes.

FI1G. 21 1s a flowchart showing the steps 1n a process 300 for
detecting changes 1n 3-D shape using self-consistency meth-
odology or resampling theory.

In step 310 of process 300, a number of images at different
points 1n time are collected. It should be appreciated that the
images can be of any 3-D object or landscape. Apart from
being 3-D, the subject matter of 1mage 1s not intended to be
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limited 1 any way. A plurality of overlapping images per
point in time are required, although more 1mages improves
the accuracy and reliability.

In step 320 of process 300, using 3-D reconstruction algo-
rithms 3-D models of the images are created. There will
typically be several models per site, one per pair of 1images
taken at one point in time. These models are expected to be
incomplete and partially incorrect.

In step 330 of process 300, the user determines whether to
analyze the collected images by self-consistency methodol-
ogy or by resampling theory. Steps 340 to 360 of process 300
represent the use of seli-consistency methodology to detect
changes in 3-D shape. Step 370 represents the resampling
theory.

In step 340 of process 300, a “score” (e.g. the MDL-based
score, see Part II, Section 2.3, supra) 1s computed for each
model element. The score 1s an estimate of the confidence of
the accuracy of the 3-D reconstruction algorithms.

In step 350 of process 300, a statistical analysis on the 3-D
models 1s performed. Statistics are collected on the variation
in model elevations, as a function of the score. The statistics
are merged over all representative 1mages.

In step 360 of process 300, the models derived at one point
in time are compared against the models derived at another
point 1n time. Using the statistics of step 350, 1t 1s determined
which changes in the models are statistically significantly
different. In one embodiment this step can be used when there
are as few as two 1mages for each point 1n time.

In step 370 of process 300, the resampling theory 1s used to
compare the mean or median elevation for each change in the
models. It should be noted that the comparison of other sta-
tistics may also be useful. The use of the resampling theory
requires at least 3 1mages per point 1n time. It should also be
noted that resampling theory 1s less reliable than self-consis-
tency methodology when there are fewer than about 5 1images
per point in time.

The seli-consistency methodology has been extended to
deal with varying scenes, resulting in a reliable and robust
method for detection of changes in 3-D shape. The compo-
nents include: a new i1mage-matching measure called the
coding loss; a novel framework for estimating the accuracy
and reliability of shape modeling procedures, applicable to
other stereo reconstruction procedures; a method for normal-
1zing the effects of camera parameters and their covariances;
and a procedure for applying the self-consistency framework.
This framework could be used with other 3-D attributes.

The experimental results based on the above framework are
promising. The framework has been applied to reliably detect
quite small changes 1n terrain (some corresponding to less
than a pixel 1n disparity) in rural scenes using a deformable
mesh algorithm, and large changes 1n urban scenes, which are
quite difficult because of occlusions, using a traditional stereo
algorithm.

The preferred embodiments of the present invention are
thus described. While the present invention has been
described in particular embodiments, 1t should be appreciated
that the present invention should not be construed as limited
by such embodiments, but rather construed by the claims
below.

What 1s claimed 1s:

1. A method for estimating an accuracy of an inference
process, said method comprising the steps of:

a) collecting a plurality of observations of a scene, wherein
said scene 1s within a class of scenes and observational
conditions;

b) applying said inference process to each observation of
said scene:
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¢) measuring a self-consistency of said inference process
by comparing a plurality of hypotheses of said inference
process as a function of a nature of said observation; and

d) for a plurality of hypotheses of said scene, incrementing,
a histogram of a function of an estimate of an attribute of
a hypothesis of said scene, said hypothesis normalized
by the function of said estimate, resulting in a statistical
analysis of the self-consistency of said iniference pro-
Cess.

2. The method as recited in claim 1 wherein said scene 1s a
static scene.

3. The method as recited 1n claim 1 wherein step d) com-
prises the step of

d1) conditionalizing said histogram on a score, said score
being an appraisal of the confidence of the accuracy of
said estimate.

4. The method as recited in claim 3 further comprising the

step of:

¢) adjusting the internal parameters of said inference pro-
cess based on said statistical analysis.

5. The method as recited in claim 3 further comprising the

step of:

¢) comparing different inference processes based on said
statistical analysis.

6. The method as recited 1n claim 1 further comprising the

step of:

¢) adjusting the internal parameters of said inference pro-
cess based on said statistical analysis.

7. The method as recited 1n claim 1 further comprising the

step of:

¢) comparing different inference processes based on said
statistical analysis.

8. A computer-readable medium having stored thereon
instructions for causing a computer to implement a process
for estimating an accuracy of an inference process to perform
the steps of:

a) collecting a plurality of observations of a scene, wherein
said scene 1s within a class of scenes and observational
conditions;

b) applying said inference process to each observation of
said scene:

¢) measuring a self-consistency of said inference process
by comparing a plurality of hypotheses of said inference
process as a function of a nature of said observation; and

d) for a plurality of hypotheses of said scene, incrementing
a histogram of a function of an estimate of an attribute of
a hypothesis of said scene, said hypothesis normalized
by the function of said estimate, resulting in a statistical
analysis of the selif-consistency of said inference pro-
Cess.

9. The computer-readable medium of claim 8 wherein said

scene 1s a static scene.

10. The computer-readable medium of claim 8 wherein
said instructions therein causes a computer to perform the
step of:

d1) conditionalizing said histogram on a score, said score
being an appraisal of the confidence of the accuracy of
said estimate.

11. The computer-readable medium of claim 10 wherein
said instructions therein causes a computer to perform the
step of:

¢) adjusting the internal parameters of said inference pro-
cess based on said statistical analysis.

12. The computer-readable medium of claim 10 wherein

said instructions therein causes a computer to perform the
step of:
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¢) comparing different inference processes based on said

statistical analysis.

13. The computer-readable medium of claim 8 wherein
said 1nstructions therein causes a computer to perform the
step of:

¢) adjusting the internal parameters of said inference pro-

cess based on said statistical analysis.

14. The computer-readable medium of claim 8 wherein
said instructions therein causes a computer to perform the
step of:

¢) comparing different inference processes based on said

statistical analysis.

15. An computer system comprising:

a bus:

a processor coupled to said bus; and

a computer-readable memory unit coupled to said bus;

said processor for performing a method for estimating an

accuracy of an inference process, said method compris-
ing the steps of:

a) collecting a plurality of observations of a scene,
wherein said scene 1s within a class of scenes and
observational conditions;

b) applying said inference process to each observation of
said scene:

¢) measuring a self-consistency of said iference pro-
cess by comparing a plurality of hypotheses of said
inference process as a function of a nature of said
observation; and

d) for a plurality of hypotheses of said scene, increment-
ing a histogram of a function of an estimate of an
attribute of a hypothesis of said scene, said hypothesis
normalized by the function of said estimate, resulting
in a statistical analysis of the self-consistency of said
inference process.

16. The computer system of claim 15, wherein said scene 1s
a static scene.

17. The computer system of claim 15 wherein said proces-
sor performs said method for estimating an accuracy of an
inference process, further comprising the step of:

d1) conditionalizing said histogram on a score, said score

being an appraisal of the confidence of the accuracy of

said estimate.

18. The computer system of claim 17 wherein said proces-
sor performs said method for estimating an accuracy of an
inference process, further comprising the step of:

¢) adjusting the internal parameters of said inference pro-

cess based on said statistical analysis.

19. The computer system of claim 17 wherein said proces-
sor performs said method for estimating an accuracy of an
inference process, further comprising the step of:

¢) comparing different inference processes based on said

statistical analysis.

20. The computer system of claim 15 wherein said proces-
sor performs said method for estimating an accuracy of an
inference process, further comprising the step of:

¢) adjusting the internal parameters of said inference pro-

cess based on said statistical analysis.

21. The computer system of claim 135 wherein said proces-
sor performs said method for estimating an accuracy of an
inference process, further comprising the step of:

¢) comparing different inference processes based on said

statistical analysis.

22. A computing device for estimating an accuracy of an
inference process, wherein the computing device comprises a
processor and a memory, wherein the computing device is
configured to:
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collect a plurality of observations of a scene;

apply an inference process to each observation of the

scene;

measure a self-consistency of the inference process; and

obtain a statistical analysis of the self-consistency of the 5

inference process.

23. The computing device of claim 22, whervein the scene is
within a class of scenes and observational conditions.

24. The computing device of claim 22, whervein measuring
the self-consistency of the inference process comprises: 10
comparing a plurality of hypotheses of the inference pro-

cess as a function of a nature of the observation.

25. The computing device of claim 22, wherein obtaining a
statistical analysis of the self-consistency of the inference
process comprises. 15

Jor a plurality of hyvpothesis of the scene, incrementing a

histogram of a function of an estimate of an attribute of
a histogram of the scene, the hypothesis novmalized by
the function of the estimate.

26. The computing device of claim 25, further configured 20
0.

conditionalize the histogram on a score, wherein the score

comprises an appraisal of the confidence of the accuracy
of the estimate.

27. The computing device of claim 25, further configured 25
lo:

adjust the internal parameters of the inference process

based on the statistical analysis.

28. The computing device of claim 25, further configured
o 30
compare different inference processes based on the statis-

tical analysis.

29. The computing device of claim 22, further configured
o

adjust the internal parameters of the inference process 35

based on the statistical analysis.

30. The computing device of claim 22, further configured
lo:

compare different infervence processes based on the statis-

tical analysis.
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31. An apparatus, comprising:

means for collecting a plurality of observations of a scene;

means for applyving an inference process to each observa-

tion of the scene;

means for measuring a self-consistency of the inference

process; and

means for obtaining a statistical analysis of the self-con-

sistency of the inference process.

32. The apparatus of claim 31, wherein the scene is within
a class of scenes and observational conditions.

33. The apparatus of claim 31, wherein the means for
measuring the self-consistency of the inference process com-
prises.

means for comparing a plurality of hypotheses of the infer-

ence process as a function of a nature of the observation.

34. The apparatus of claim 31, wherein means for obtain-
ing a statistical analysis of the self-consistency of the infer-
ence process comprises.

for a plurality of hyvpotheses of the scene, means for incre-

menting a histogram of a function of an estimate of an
attribute of a hypothesis of the scene, the hypothesis
normalized by the function of the estimate.

35. The apparatus of claim 34, further comprising.

means for conditionalizing the histogram on a score,

whevrein the scove comprises an appraisal of the confi-
dence of the accuracy of the estimate.

36. The apparatus of claim 34, further comprising:

means for adjusting the internal pavameters of the infer-

ence process based on the statistical analysis.

37. The apparatus of claim 34, further comprising.

means for comparing different inference processes based

on the statistical analysis.

38. The apparatus of claim 31, further comprising.

means for adjusting the internal parameters of the infer-

ence process based on the statistical analysis.

39. The apparatus of claim 31, further comprising.

means for comparing different inference processes based

on the statistical analysis.
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