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1.  INTRODUCTION

Perceptual organization of low-level features that can be
extracted immediately from images into object level descriptions
is a key task in computer and human perception processes. Per-
ceptual organization techniques have been a persistent topic of
research in computer vision [1-6]. Many of these techniques are
concerned about organizing points into curves or about connect-
ing curve fragments. Such tasks can often be accomplished by
applying a single organization rule. However, when object level
organization is desired, it becomes clear that the process needs to
be a hierarchical one with the simpler features being succes-
sively grouped into more global and complex features. The hier-
archical nature of the organization does not imply that a feature
cannot be grouped into more than one other level nor that the
organization process itself must proceed in a strict bottom-up (or
top-down) manner.

One approach to hierarchical perceptual organization is
hypothesize and verify paradigm (Figure 1). Grouping hypoth
ses at various levels are generated if some features satisfy a s
properties; these properties are intended to involve relativ
small sets (say two) of elements and to be relatively simple
compute. This may cause features to be grouped into multip
possibly overlapping hypotheses that are alternative explanati
for the same part of the scene. Further evidence for the prese
of the generated hypotheses is then collected; this evidence n
not be confined to the 2-D properties in the image but m
include 3-D inferences. The computed evidence is then co
bined to verify the presence of each hypothesis; the verificat
process assigns a confidence value to each hypothesis. The
fication process can also be applied at other levels of the gro
ing hierarchy so that less expensive evidence is used to filter
unlikely hypotheses and more expensive analysis is applied
fewer hypotheses.

Key issues in a hierarchical hypothesize and verify approa
are the representation levels and the properties and procedur
be used for generating and verifying the hypotheses. In t
paper, we take the view that the representation levels and gro
ing criteria for perceptual organization are to be decided by
designer and may be domain-specific (design of general syst
emulating human performance is another matter). A comm
problem for all such systems, however, is defining good stra
gies for combining evidence from the various available sourc
Evidence for grouping, for example, may come from proximit
continuity, and symmetry. We need to combine such pieces
evidence in making a judgement of the quality of a hypothes
The evidence to be combined can be of very different nature (
necessarily binary), for example, it may consist of 3-D inform
tion such as coplanarity, photometric information such as hom
geneity, and feature regularity such as symmetry
completeness.

1. This research was supported by a MURI subgrant from Purdue University under Army Research Office grant No. DAAH04-96-1-0444.

Hierarchical perceptual organization is needed for 3-D object
detection and description. Thehypothesize and verifyparadigm offers
one approach to this task. Hypotheses are generated from simpler
features satisfying some possibly task dependent properties. More
global evidence is used to verify and assign a confidence measure to
the hypotheses. This evidence may consists of several components
which may be of very different natures. How to combine these compo-
nents in an effective and efficient manner becomes of critical interest.
We describe formal methods that use neural networks and Bayesian
approaches for verification. These approaches also allow automatic
learning of parameters from some examples. We illustrate these
methods using a system for building detection and description from
aerial images, but the techniques themselves are not specific to this
domain. Experimental results indicate that substantial improvements
in performance can be obtained by the use of these methods without
extensive hand-tuning of parameters.
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Quantitative rules for combining such evidence can be diffi-
cult to infer directly from mathematical analysis. It is common
for system designers to devise their own ad hoc methods for
combining evidence based on their intuition and experience.

Good results can be obtained by this method, but the proces
testing and modifying is a tedious one and the evidence is
necessarily used to best advantage. This paper explores m
systematic approaches for the task of combining evidence;
approach includes a learning phase which helps reduce
amount of effort needed by a developer to achieve good perf
mance. Use of formal methods of combining evidence and
using learning techniques is rare in perceptual organizat
methods; two previous methods may be found in [7, 8].

We illustrate our methodology in the context of perceptu
grouping for a system for building detection and descriptio
from aerial images. We believe that the methodology we pres
should easily transfer to other systems that perform hierarch
grouping of similar complexity but in very different domains an
using very different grouping criteria. We have experiment
with methods using neural networks and Bayesian approach
These methods, their application to perceptual grouping a
comparative results are provided. Before introducing these me
ods, we give a brief description of the test system used to eva
ate them.

2.  PERCEPTUAL ORGANIZATION
FOR BUILDING DETECTION

Detection and construction of 3-D models of buildings in a
aerial image is of interest for many applications. The proble
also provides a nice domain for study of perceptual organizat
techniques. Even though we restrict to one broad class of obje

FIG. 1. Block diagram of a perceptual grouping process

Hypothesis Verification

Hypothesis Generation

Feature Extraction

Image

Evidence Collection

3D Descriptions

FIG. 2. An aerial image from Ft. Hood.
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a large number of instances are possible. Aerial images also are
typically highly complex and contain large numbers of objects
which makes the figure-ground separation problem particularly
difficult. Consider for example the image shown in Figure 2.
Figure 3 shows the line segments detected in this image using a
Canny edge detector [9] followed by a line linking and approxi-
mation method [10]. This figure illustrates the difficulty of the
grouping task. The desired objects do not have closed bound-
aries, and a large number of extraneous boundaries correspond-
ing to other objects, architectural details, shadows, markings,
and texture are present.

Many systems to detect buildings from aerial images have
been developed [11]. We describe experiments with a system
called BUDDS (BUilding Detection and Description System),
developed by Lin and Nevatia. Details of this system are avail-
able elsewhere [12], here we only provide a brief overview
needed to describe our methods for combining uncertain evi-
dence. BUDDS uses only a single image and is limited to the
case of flat rectilinear buildings which are modeled as composi-
tion of rectangular parts. The roof of a rectangular part projects
to a parallelogram in an image (assuming orthographic projec-
tion which is accurate for most aerial images over the size of a
building). Hypotheses for rooftops are generated by looking for
parallelograms among the detected line segments. This is a hier-
archical process, lines are grouped into parallel pairs, then into
“U” shapes, and finally into parallelograms. The hypotheses are
generated based on partial information only, parts of lines or
even complete lines may be missing. The hypotheses are then

selected based on the strengths of underlying image evide
such as the coverage of the hypotheses by actual image li
presence of corners and lack of crossing lines; details of this p
cess may be found in [12]. Figure 4 shows the selected hypot
ses computed by BUDDS from the lines of Figure 2. Note th
many overlapping hypotheses remain consistent with the le
commitment style of design indicated earlier.

The next step in the process is that of verification. For th
purpose, each 2-D parallelogram hypothesis is given the in
pretation of being a 3-D rooftop. The height of the hypothesis
inferred by finding the visible walls and the shadow on th
ground. It is common for aerial images to have available the s
position and also a complete camera model relative to so
ground coordinate system. Note that the wall and shadow e
dence itself requires a search and is uncertain. Both wall a
shadow evidence themselves consist of smaller components.
wall evidence consists of evidence for the vertical sides and
the horizontal line on the ground. The shadow evidence cons
of the shadows of the lines of the rooftops and of the vertic
lines. Knowledge of the camera model and the sun position all
us to compute the parts of the evidence that should be visible;
observed values are normalized by these. Table 1 summarize
evidence used in BUDDS.

The main task addressed in this paper is how best to comb
the various pieces of evidence available for the presence o
rooftop, the walls and the object shadow to decide if a building
actually present. As the information sources are fragmentary,
also desirable to assign a confidence value to the decision wh

FIG. 3. Line segments detected in Figure 2.
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may be used in further selection depending on the utility of the
decision for a particular task. We view this as the key step in
completing the perceptual organization process, as it is the one
that makes a decision of whether a figure (i.e., an object) actually
exists with high enough confidence.

3.  COMBINING EVIDENCE FOR
HYPOTHESIS VERIFICATION

For this discussion, we consider the problem to be formulated
as follows. For a hypothesis, say , we are given a set of evi-
dence, say , which consists of various components say . In
this paper, for random variables, boldface letters will be used
while the default font will be used for domain values (instances).
In the same manner, is a probability distribution on a ran-
dom variable while is a probability of being a partic-
ular instance . represents a given hypothesis being a

building while represents a false building hypothesis. T
goal is to use these to compute the likelihood of hypothesizi

. We now describe some approaches to combining evidenc
make the desired decision.

3.1  Linear Combinations

The simplest method of combining evidence is by taking a li
ear weighted sum of the components. The weights can be n
malized so that the sum remains between 0 and 1. In this cas

where are the weights for the respective evidence and
is a threshold.

3.2  Certainty Factors

Another popular method is to treat each evidence as provid
a certainty factor for the hypothesis and to combine the vario
pieces by the method proposed in the MYCIN system [13]. T
combined evidence from the evidence and a
obtained by the following rule:

FIG. 4. Building hypotheses of Figure 2.

TABLE 1
Evidence used in BUDDS.

Category Evidence

Wall Ground, Corner

Shadow Roof-cast, Corner, Region

Roof Standard-deviation

H
E Ei

P X( )
X P X( ) X

X H

H

H

H
Building, if wiEi

i
∑ θ> ,

Not Building, otherwise,





=

wi Ei θ

Eij Ei Ej
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Since this rule is commutative, we can apply this rule to all the
evidence repeatedly and combine them into one value which is to
be thresholded to hypothesize .

3.3  BUDDS Method

In the BUDDS, as described in [12], both linear combination
and certainty factors are used. For each set of evidence (e.g.,
roof, wall, and shadow), are combined by linear weighting
into , and . The resulting combined evidence , and

are then combined by using certainty factor rules given above.
A decision on verifying a hypothesis can be made by threshold-
ing the combined certainty factor. This choice of combining evi-
dence differently at the two stages was made on anad hocbasis.
The weights chosen for combining evidence in each set were
determined by human experimentation with a number of test
cases; these weights are same for all images, however.

3.4  Neural networks

Neural networks offer a popular method for decision making
in presence of uncertainty, particularly when relationships
between the output and input variables are not available from
mathematical analysis. Each node (neuron) of such a network
computes a weighted sum of its inputs and then applies a thresh-
olding or a sigmoid function;

,

where is the combined evidence and is a sigmoid function
which approximates a step function (threshold function).

In fact, aperceptron, a neural network with a single node, is
equivalent to a linear combination such as is explained in
Section 3.1. In general, neural networks are more complicated
networks with the outputs of several neurons feeding into the
inputs of another neuron.

The programming of such a network can be considered to
consist of two components: design of the network topology and
assignment of the weighting parameters. It is common to apply a
machine learning algorithm to determine the parameters for
which several techniques exist, withback propagationbeing the
most popular method for multilayer feedforward networks. The
topology may also be learned in principle, but this is a much
more difficult task. We think that it is more natural for a designer
to fix the topology for the perceptual organization problems. We
consider two cases.

Generic two-layer feedforward network: In this approach, the
neural network topology consists of two layers. The input laye
feed into a layer consisting of some number of hidden nod
whose outputs feed into a single output node (several out
nodes may be used for multiple output values). The number
hiddennodes can have a significant influence on the performan
of the system. However, the problem of choosing the right nu
ber of hidden units in advance is not well understood [14].
could be determined by experimenting with different numbers
nodes (and learning optimal weights for each case). In our s
tem, we used five hidden nodes for six input nodes, as shown
Figure 5.

A neural network with hidden layers is easy to design but h
some major disadvantages. First is the lack oftransparency. It is
hard to understand the computations being carried out in the h
den layer and hence for a developer to intervene to improve p
formance. The second disadvantage is that knowledge of
internal structure of the evidence is not used efficiently. F
example, the standard deviation of the roof is independent of
corner evidence of shadow but the shadow region is not. T
neural networks with hidden layers combine all the eviden
together into the hidden nodes and hence may suffer from s
ousoverfitting problems.

Structured feed-forward neural network: For hierarchical
perceptual organization problems, there is a natural structure
the available evidence. We can take advantage of this struc
by having the neural network reflect it. Figure 6 shows astruc-
turedneural network that reflects the natural dependencies of
evidence for our system. In fact, this network is less powerful
class representation than the generic two-layer network
Figure 5 - for any network instantiation of the structured ne
work, there exists a network instantiation of the generic tw
layer network that is equivalent. Nevertheless, the structured n
work has an advantage over the generic two-layer network; i
transparent. The parameters of each node reflect the importan
of the evidence, so that it is easy for the system developer
understandthe meaning of the parameters. It is also good f
learning, which will be discussed in Section 4.1.

Eij

Ei Ej Ei Ej×–+ , whenEi Ej 0≥, ,

Ei Ej Ei Ej×+ + , whenEi Ej 0<, ,

Ei Ej+

1 min Ei Ej( , )–
-----------------------------------------, otherwise.









=

H

Ei
R W S R W

S

E g wiEi
i

∑ 
 =

E g

FIG. 5. A two-layer feed-forward neural network

W-Ground W-Corner S-RoofCastS-Corner S-Region Roof

Building

5 Hidden nodes
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3.5  Bayesian Classifier

Bayes’ rule offers an optimal approach to making decision
about a hypothesis, , given evidence , by computing the con-
ditional probability . Bayes rule gives:

for a binary hypothesis .

The difficulty in applying Bayes’ rule is in acquiring and rep-
resenting the knowledge of the joint probability distribution

. If consists of elements, is an n-dimen-
sional function. For example, if each element can be quantized
into values, we need to know a table of size . It is not fea-
sible to measure such a function even for problems with small
number of evidence variables.

One simplification of this problem is to assume that all ele-
ments of areconditionally independentgiven , the resulting
classifier is known as anaiveBayes classifier [15]. In this case,

; therefore, for the discrete case, we
only need a table of size , which still shows good results
for a number of problems [15].

In our problem domain, the probability distributions,
, are continuous ones. We need to represent such con-

tinuous distributions effectively. There are several considerations
for an effective representation. It should be nonnegative and the
total area of the distribution should sum up 1 since it is a proba-
bility distribution. The number of parameters should be small
enough to avoidoverfittingwhile allowing representations of a
variety of distribution shapes. In general, there is a trade-off
between the number of parameters and the representational
power.

With these considerations, two different approaches can be
applied. The first is to use parametric curves such as normal dis-
tribution curves. In fact, it is hard to find good parametric distri-
butions, other than normal distributions, which satisfy the above

requirements. Unfortunately, the evidence distributions f
BUDDS do not fit normal distributions well. Therefore, we
applied the second approach, which is to quantize the distri
tions into several discrete levels. For BUDDS, we discretiz
evidence inputs for five different levels; the learning of the dist
butions and the results are shown in Section 5.

3.6  Bayesian Networks

The assumption of independence of evidence variables is
always justifiable. An attempt to keep the simplicity of the naiv
Bayes classifier but improve performance is described in [1
An alternative is the concept of Bayesian networks, which ha
recently become popular for handling uncertainty in many app
cations [17, 18]. A Bayesian network is a graph representat
with random variables as its node. Edges represent causal r
tionships where, given a parent node, all the child nodes arecon-
ditionally independent. Each node has a set of conditiona
probabilities as a function of its parent nodes (represented a
conditional probability table, CPT, for quantized variables
Probabilistic reasoning is done by applying Bayes’ rule on t
CPT’s and the prior probabilities of the nodes and propagatin
through the network. For example, the joint probability of nod

 is given by the following formula:

.

The process of computing probability distributions of som
nodes given probability distributions of other nodes is the pr
cess of Bayesian inference. Algorithms for such inference can
found in [17]; [14] contains a simple algorithm forsingly con-
nected networks.

Bayesian networks can accurately represent any joint pro
bility distribution function but they exploit the conditional inde
pendence to reduce the dimensionality of the function or t
number of parameters that define the network. They have
advantage of being transparent as the relations between the
ables are made explicit. Generally, when the structure of a n
work reflects the causal relations between the variables, it
called acausal Bayesian network.

For BUDDS, we can find several causal relationships. F
example, a strong building hypothesis causes strong wall e
dence which causes strong ground and corner supports for
wall evidence. Figure 7 shows a causal Bayesian network refle
ing those relationships. In this case, the wall and the shad
nodes are set to behidden(unobservable) because it is tediou
and difficult for the system developers to assess the strength
wall and shadow evidence for an example.

As mentioned in Section 3.5, all the evidence variables
BUDDS are continuous. Thus, we need to represent the con
tional probability distributions effectively. For Bayesian ne
works, there are more restrictions. First, the distributions a
multidimensional since one node can have several continuous
discrete) parent nodes. Therefore, the conditional probabilit

FIG. 6. A hand-structured neural network

Ground Corner Roof-castCorner Region

RoofShadowWall
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are tables of multidimensional functions. Also, for a discrete
node with continuous parents, aninterfunctionalnormalization
rule is applied:

,

where is a continuous node, are its parent nodes, are the
function parameters for , is a condi-
tional probability density function, and is a constant function
of value 1. It is almost impossible to find a parametric multidi-
mensional distribution which satisfy all those conditions. In fact,
the problem becomes easier for BUDDS if we regard hidden
nodes (wall and shadow) as being discrete since the network has
a restricted structure that all the continuous nodes have single
discrete parents and no child. Still, this was not applied for
BUDDS since we could not find good one-dimensional distribu-
tions as mentioned in Section 4.2. For BUDDS, once again, we
quantized the evidence nodes into 5 different levels while the
hidden nodes were quantized into 3 levels. For several
approaches with parametric distributions, see [17, 18, 19].

Another approach to apply Bayesian methods to the percep-
tual organization problem was studied by Sarkar and Boyer [7].
They introduced PIN (Perceptual Inference Network), an aug-
mented Bayesian network with spatial parameters in each node,
for the hypothesis formation process. This spatial information
needs to be incorporated in the reasoning process. In our
approach, the spatial information is already included in the evi-
dence collected for each hypothesis and is not explicitly included
in the Bayesian inference process; therefore, a general causal
network without augmentation is sufficient. Instead, we focus on
dealing with hidden nodes to take advantage of the perceptual
organization structures during the reasoning process. Section 4.3
describes learning of parameters associated with the Bayesian
network in presence of hidden nodes.

4.  LEARNING

The methods described in Section 3 require several parame-
ters to be set for good performance. For the simpler methods,

such as the linear combinations and certainty factors, it is via
to set the parameters by a human designer experimenting w
some number of examples. In fact, for BUDDS method
Section 3.3, the parameters were hand-tuned by the sys
developers. However, for other methods such as neural netwo
Bayesian classifiers, and Bayesian networks, it is not practica
do so because of the complexity of the reasoning proce
instead, we focus on learning of these parameters by apply
machine learning techniques with several examples.

The output for BUDDS verification is binary;BUILDING or
NONBUILDING. In this case, there is a trade-off between th
number offalse negatives(undetected buildings) andfalse posi-
tives(falsely detected buildings). It is common in machine lear
ing to weigh the two kinds of errors equally; however, this is n
always consistent with the application needs. For building det
tion, depending on the task, one or the other may be more tr
blesome. For example, if the results are to be edited by a u
removing false positives may not be so difficult, but if the resu
of the automated process are to be used directly, it may be imp
tant to weight the errors of false positives more than that of fa
negatives. The relation between false positives and false ne
tives is usually controlled by changing the threshold for the ou
put, however, it can also be incorporated into the learni
process (for neural networks and Bayesian networks)
explained later. We call the ratio between the cost of a false po
tive and cost of a false negative thecost ratioand the learning
parameters which influence the cost ratiocost ratio parameters.
By incorporating a cost ratio parameter into the learning proce
we can optimize the system performance for a given cost ratio
obtain a better result than by merely changing the thresh
value for the outputs.

4.1  Neural Networks

A back-propagation learning algorithm for neural network
minimizes the squared sum of the errors between the results
desired outputs;

, (1)

where is the total error to be reduced, is the target va
of the th example, and is the output of the current netwo
However, this does not support different costs forfalse negatives
and false positives. Instead, the results depend on the rat
between the number of positive examples and negative exam
in the learning set. To compensate for this we modify theErr
function in   (1) as follows:

,

where for positive examples, for
negative examples, and are the numbers of positive a

FIG. 7. A causal Bayesian network.
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f X Y1 Y2 … Yn, , , y1 y2 … yn, , ,( )
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negative examples, and is acost ratio parameter. For our tests
with BUDDS,  was fixed to be 0.7.

The learning rule is to change weight of each node to
reduce  bygradient descent (hill-climbing):

.

Computation of the derivative in the above equation follows
the standard methods used in neural network back-propagation
learning as described in, for example, [20] or [14].

It is very important to give a goodseed(set of initial parame-
ters) for thegradient descentapproaches. For the generic net-
work, it is hard to give a good seed for learning, so we repeated
learning with several random seeds and chose the best result. For
the structured network, since it istransparentand simple, we can
manually set a intuitively good seed which in fact showed rela-
tively good results (Section 5). Moreover, the learned parameters
of the structured network reflect the importance of the evidence
allowing the evaluation of the importance of evidence by observ-
ing the weights in the network. In fact, this process allowed us to
remove several evidence nodes which made small contributions
to the other nodes.

4.2  Naive Bayesian Classifiers

Learning for naive Bayesian classifiers is rather straightfor-
ward. In this case, we estimate the needed probability distribu-
tions and the prior probabilities by observing
the occurrence of evidence and hypothesis and simply histo-
gramming these quantities.

4.3  Bayesian Networks

Learning parameters for Bayesian networks with hidden
nodes (i.e., nodes whose values we do not observe directly) is a
difficult task. In [21], Kowh and Gillies developed a Bayesian
network learning control system for an endoscope. They mini-
mized the squared sum of the error as for neural networks in
Section 4.1 above.

We use an approach following recent work of Binderet al.
[18] which is based ongradient ascent. In their approach, the
parameters are set to maximize the probability of observed vari-
ables, in our case. However, for
the verification task, we can make a better objective function;

, (2)

where is a constant, is an output of a positive
example, is an inverted output of a negative
example, and are the numbers of positive and negative
examples, and is a sigmoid function which approximates a
step function. It maximizes the sum oftrue positives(detected

buildings) andtrue negatives(undetected nonbuildings). is a
cost ratio parameter. The higher values of result in sacrificing
some true detections to avoid a larger number of false alar
The objective function is maximized by a hill-climbing searc
algorithm by taking the partial derivatives of (2)1. The details of
this derivation are given in the Appendix.

5.  EXPERIMENTAL RESULTS

To compare the suggested inference and learning techniq
to the original BUDDS method, we created several learning d
sets from several aerial image windows. First, rectangular bu
ing component hypotheses were generated from each image
dow. From the hypotheses, we created a learning data se
displaying one hypothesis at a time to a human and asking fo
decision on whether it represents the rooftop of a building or n
In most cases, there is no difficulty in making this decisio
Those hypotheses which have significant overlap with the ro
tops but are not accurately positioned were regarded asdon’t
careand not used as learning examples. The main reason for
using these hypotheses in learning is that the evidence for th
can be highly variable. Some of them have very good eviden
because they include parts of buildings but some of them h
poor evidence because of the incorrect positioning of the roof
is not efficient to ask a human to look at the actual evidence v
ues and to decide whether the hypothesis should be consid
positive or negative. Also, the desired classifications for thedon’t
care hypotheses are not clear. If such a hypothesis is selec
and no better hypothesis exists, it is an acceptable answer.
better hypothesis does exist, the better one will dominate in
later overlap analysis phase. If adon’t carehypothesis is rejected
because of poor evidence, this decision too is acceptable. He
we do not use such hypotheses in either learning or evalua
the system.

An interactive tool was developed to collect learning data s
efficiently. As a result, 591 learning data sets were collect
from 10 images of 3 different sites; 165 of them were determin
as positive hypotheses, 303 were negative, and 123 weredon’t
care. Figure 8 shows example hypotheses collected on an im
window.

We use the results of the handcrafted BUDDS as a baselin
compare against other methods. We implemented a generic
layer neural network (Figure 5), a structured neural netwo
(Figure 6), a naive Bayesian classifier, and a Bayesian netw
with discretized evidence (Figure 7). For the Bayesian netwo
continuous evidence values were discretized into 5 levels wh
the hidden nodes were set as 3-level discrete nodes. Initial se
parameters for the structured neural network and the Bayes

λ
λ

w
Err

w∆ Err∂
w∂

-----------– 2 αk Tk Ok–( )
Ok∂
w∂

---------
k

∑= =

P Ei H( ) P H( )

P H1 E1 H2 E2 … Hn En, , , , , ,( )
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1. Besides (2), we have two more constraints: the sum of CPT entries with 
given parent instance equals to 1 and all the parameters lie on [0,1]. The

fore, we first need to obtain the derivatives of (2) without applying these co

straints, then project the resulting parameters onto the constraint space.
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network were given manually, while, for the generic neural net-
work, several random sets of parameters were learned and the
best result was chosen.

It is common to characterize the results in terms of detection
rate and false alarm rate. In this paper, detection rate is the ratio
of true positivesto all the positive hypotheses and false alarm
rate is the ratio offalse positivesto all the positive hypothesis. As
already mentioned, a trade-off can be exercised between the
detection rate and the false alarm rate. Rather than choose one
value, we show the trade-off curves as in 8.. These are commonly
called ROC (“Receiver Operating Characteristics”) curves.
Figure 9 shows ROC curves for each method. In this paper, the
curves were obtained by simply changing the threshold value for
the continuous outputs of each method. For the lower threshold

values, the more number of building components are detec
but also more false alarms are detected, and for the higher thr
old values, less false alarms but also less building compone
are detected.

The results clearly show that the automated learning meth
show much better performance over most of the operating ra
than the original method. For example, keeping the false ala
rate fixed at 5%, we see at most 29% point improvement (Ba
sian network) on the detection rate. Also, note that the structu
neural network shows a competitive result with the generic ne
ral network. In fact, the generic neural network did not show be

FIG. 8. Example hypotheses. Positive hypotheses are shown in red,
negatives are blue, and the yellow ones are thedon’t care hypotheses.

FIG. 9. ROC curves for various methods.
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FIG. 10. Results on the image window in Figure 2; (a) BUDDS method, and (b) Bayesian network.



on
tal

is
f a

her-
lly

the
ion
ing
eci-
nly
ro-
m-

-
rete

-
si-

=

,

not
ter performance than the structured neural network for the most
of the random seeds applied, although only the best result is
shown in the figure. This illustrates that applying the knowledge
from structure of the perceptual organization problem can reduce
a large amount of effort while it also provides a stable result.

Figure 10 shows the grouping results displayed in the image
window in Figure 2. We only show the results of the BUDDS
method and the Bayesian network method as the results from
other learning methods are quite similar to those of the Bayesian
network method for this example. We measure performance for
each rectangular component of a rectilinear building. It is clear
that the Bayesian network detects more building components
with fewer false alarms. While the BUDDS method found two
false alarms including one of a large size in the left side, the
Bayesian network found only one in the top left corner. Also, the
Bayesian network detected three more building components than
the BUDDS method, including a small building in the bottom,
but missed one component in the middle.

Figure 11 shows the results on Bayesian networks with vari-
ous values of the cost ratio parameter of (2). In this figure, the
ROC curve is the result for . Other points show the
detection and false alarm rates for various cost ratio parameters
when the standard threshold value of 0.5 is applied. It shows that,
with the proposed learning method for Bayesian networks, we
can emphasize a different point on the ROC curve by simply
changing the cost ratio parameter. By incorporating the cost ratio
parameters into the learning procedure, we get better results than
by controlling the cost ratio by merely changing the threshold
values. However, the Bayesian network is more susceptible to
theoverfittingproblem, which can cause the results on test data
to be not as good as for the training data.

6.  CONCLUSION AND FUTURE WORK

We have presented some algorithms for making verificati
decisions with uncertain evidence and shown an experimen
evaluation for a building detection system. It is clear in th
example that the results can be significantly improved by use o
systematic methodology such as the Bayesian networks. Furt
more, the development time and effort can be substantia
reduced by using machine learning algorithms.

We believe that the presented methods are not specific to
particular system used in our tests or to the building detect
task. These methods should apply to all perceptual group
tasks that collect evidence from a number of cues to make a d
sion on which groupings are to be preferred. Also, we have o
applied this methodology to the final stages of the grouping p
cess. It can also be applied to earlier stages (as in [8] for exa
ple).

APPENDIX
To maximize the objective function of (2), the partial deriva

tives on the parameters (CPT entries) are used. For a disc
node 1,

,

where is the th CPT entry (instance combina
tion) of on its parent node(s) . By averaging over the pos
ble instances of  and , we get

Note that , , and are
independent on all CPT entries of the node .

can be represented as
, where

, which is independent on . For simplicity
will stand for and for

. Then

FIG. 11. Bayesian network results with various cost ratio parameters.
The ROC curve is for =0.6. Threshold value 0.5 was applied for the
other points.
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1. A similar derivation can also be applied for the continuous nodes. We do 
include this as it is not used in the system described here.
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For , we get

,

and for , we get

,

where
.

Thus, by applying simple algebra to the above equations, we
get

Here, and can easily be obtained by
applying the Bayesian network inference rules. can also
be obtained by the same method. Once we know ,

can be obtained with less computation by applying
Bayes’ rule:

.

Note that and is independent of the inputs,
so they can be calculated only once for each iteration. Also,

is independent on and , so it can be calculated once
for each data instance.
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