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One approach to hierarchical perceptual organization is a
hypothesize and verify paradigm (Figure 1). Grouping hypothe-

Hierarchical perceptual organization is needed for 3-D object ses at various levels are generated if some features satisfy a set of
detection and description. Thehypothesize and verifparadigm offers  hqnerties; these properties are intended to involve relatively
one approach to this task. Hypotheses are generated from snmplersma” sets (say two) of elements and to be relatively simple to

features fsat'Sfy'ng some poss_lbly task o!ependent_propertles. Morecompute. This may cause features to be grouped into multiple,
global evidence is used to verify and assign a confidence measure to

the hypotheses. This evidence may consists of several componentgOSSiny overlapping hypotheses that are altemative explanations
which may be of very different natures. How to combine these compo- [0 the same part of the scene. Further evidence for the presence
nents in an effective and efficient manner becomes of critical interest. Of the generated hypotheses is then collected; this evidence need
We describe formal methods that use neural networks and Bayesian N0t be confined to the 2-D properties in the image but may
approaches for verification. These approaches also allow automaticinclude 3-D inferences. The computed evidence is then com-
learning of parameters from some examples. We illustrate these bined to verify the presence of each hypothesis; the verification
methods using a system for building detection and description from process assigns a confidence value to each hypothesis. The veri-
aerial.images,_but the teChniqUe.S themselves are .nOF Specific to thlsﬂcat'on process can also be app“ed at other levels of the group-
_domam. Experimental result_s indicate that substantial |mprovem9nts ing hierarchy so that less expensive evidence is used to filter out
in perfc_)rmance can be obtained by the use of these methods W'thOUtunIiker hypotheses and more expensive analysis is applied to
extensive hand-tuning of parameters. fewer hypotheses.

Key issues in a hierarchical hypothesize and verify approach
1. INTRODUCTION are the representation levels and Fh(—_:- properties and procedure§ to

be used for generating and verifying the hypotheses. In this

Perceptual organization of low-level features that can HRaper, we take the view that the representation levels and group-
extracted immediately from images into object level descriptiori§9 Criteria for perceptual organization are to be decided by a
is a key task in computer and human perception processes. p@ﬂgn_er and may be domam-spgmﬂc (design of general systems
ceptual organization techniques have been a persistent topicégfulating human performance is another matter). A common
research in computer vision [1-6]. Many of these techniques apEoblem for all such systems, however, is defining good strate-
concerned about organizing points into curves or about connegf€s for combining evidence from the various available sources.
ing curve fragments. Such tasks can often be accomplished yidence for grouping, for example, may come from proximity,
applying a single organization rule. However, when object levé&ontinuity, and symmetry. We need to combine such pieces of
organization is desired, it becomes clear that the process need§¥ience in making a judgement of the quality of a hypotheses.
be a hierarchical one with the simpler features being succekbe evidence to be combined can be of very different nature (not
sively grouped into more global and complex features. The hie@_ecessanly binary), for example, it may consist of 3-D informa-
archical nature of the organization does not imply that a featuH9n such as coplanarity, photometric information such as homo-
cannot be grouped into more than one other level nor that t§€neity, and feature regularity such as symmetry or
organization process itself must proceed in a strict bottom-up (6PMpleteness.
top-down) manner.

1. This research was supported by a MURI subgrant from Purdue University under Army Research Office grant No. DAAH04-96-1-0444.
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FIG. 1. Block diagram of a perceptual grouping process

Quantitative rules for combining such evidence can be diffi-
cult to infer directly from mathematical analysis. It is commo

Good results can be obtained by this method, but the process of
testing and modifying is a tedious one and the evidence is not
necessarily used to best advantage. This paper explores more
systematic approaches for the task of combining evidence; our
approach includes a learning phase which helps reduce the
amount of effort needed by a developer to achieve good perfor-
mance. Use of formal methods of combining evidence and of
using learning techniques is rare in perceptual organization
methods; two previous methods may be found in [7, 8].

We illustrate our methodology in the context of perceptual
grouping for a system for building detection and description
from aerial images. We believe that the methodology we present
should easily transfer to other systems that perform hierarchical
grouping of similar complexity but in very different domains and
using very different grouping criteria. We have experimented
with methods using neural networks and Bayesian approaches.
These methods, their application to perceptual grouping and
comparative results are provided. Before introducing these meth-
ods, we give a brief description of the test system used to evalu-
ate them.

2. PERCEPTUAL ORGANIZATION
FOR BUILDING DETECTION

Detection and construction of 3-D models of buildings in an

ferial image is of interest for many applications. The problem

for system designers to devise their own ad hoc methods fBISC Provides a nice domain for study of perceptual organization
combining evidence based on their intuition and experiencEe.Chn'queS' Even though we restrict to one broad class of objects,

FIG. 2. An aerial image from Ft. Hood.
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FIG. 3. Line segments detected in Figure 2.

a large number of instances are possible. Aerial images also amdected based on the strengths of underlying image evidence
typically highly complex and contain large numbers of objectsuch as the coverage of the hypotheses by actual image lines,
which makes the figure-ground separation problem particularpresence of corners and lack of crossing lines; details of this pro-
difficult. Consider for example the image shown in Figure 2cess may be found in [12]. Figure 4 shows the selected hypothe-
Figure 3 shows the line segments detected in this image usinges computed by BUDDS from the lines of Figure 2. Note that
Canny edge detector [9] followed by a line linking and approximany overlapping hypotheses remain consistent with the least
mation method [10]. This figure illustrates the difficulty of thecommitment style of design indicated earlier.
grouping task. The desired objects do not have closed bound-The next step in the process is that of verification. For this
aries, and a large number of extraneous boundaries correspopdrpose, each 2-D parallelogram hypothesis is given the inter-
ing to other objects, architectural details, shadows, markingstetation of being a 3-D rooftop. The height of the hypothesis is
and texture are present. inferred by finding the visible walls and the shadow on the
Many systems to detect buildings from aerial images hawground. It is common for aerial images to have available the sun
been developed [11]. We describe experiments with a systgmsition and also a complete camera model relative to some
called BUDDS (BUilding Detection and Description System)ground coordinate system. Note that the wall and shadow evi-
developed by Lin and Nevatia. Details of this system are avaitlence itself requires a search and is uncertain. Both wall and
able elsewhere [12], here we only provide a brief overviewhadow evidence themselves consist of smaller components. The
needed to describe our methods for combining uncertain ewimall evidence consists of evidence for the vertical sides and for
dence. BUDDS uses only a single image and is limited to thiae horizontal line on the ground. The shadow evidence consists
case of flat rectilinear buildings which are modeled as composif the shadows of the lines of the rooftops and of the vertical
tion of rectangular parts. The roof of a rectangular part projectmes. Knowledge of the camera model and the sun position allow
to a parallelogram in an image (assuming orthographic projeas to compute the parts of the evidence that should be visible; the
tion which is accurate for most aerial images over the size of@bserved values are normalized by these. Table 1 summarizes the
building). Hypotheses for rooftops are generated by looking f@vidence used in BUDDS.
parallelograms among the detected line segments. This is a hier-The main task addressed in this paper is how best to combine
archical process, lines are grouped into parallel pairs, then intioe various pieces of evidence available for the presence of a
“U” shapes, and finally into parallelograms. The hypotheses areoftop, the walls and the object shadow to decide if a building is
generated based on partial information only, parts of lines @actually present. As the information sources are fragmentary, it is
even complete lines may be missing. The hypotheses are thaeo desirable to assign a confidence value to the decision which
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FIG. 4. Building hypotheses of Figure 2.

may be used in further selection depending on the utility of thieuilding while H represents a false building hypothesis. The
decision for a particular task. We view this as the key step igoal is to use these to compute the likelihood of hypothesizing
completing the perceptual organization process, as it is the ohlt. We now describe some approaches to combining evidence to
that makes a decision of whether a figure.{ia@ object) actually make the desired decision.
exists with high enough confidence.
3.1 Linear Combinations
3. COMBINING EVIDENCE FOR
HYPOTHESIS VERIFICATION The simplest method of combining evidence is by taking a lin-
ear weighted sum of the components. The weights can be nor-

For this discussion, we consider the problem to be formulateflalized so that the sum remains between 0 and 1. In this case,
as follows. For a hypothesis, s&y , we are given a set of evi-

dence, sa)E , which consists of various componentsisay . In %3 o

this paper, for random variables, boldface letters will be used H=o uilding,

while the default font will be used for domain values (instances).

In the same manneR(X) is a probability distribution on a ran-

dom variableX whileP(X) is aprobability of being a partic-

ular instanceX .H represents a given hypothesis beingveherew; are the weights for the respective evideBce  @nd
is a threshold.

if ZWiEi >0,
I

%\lot Building, otherwise,

TABLE 1
Evidence used in BUDDS. 3.2 Certainty Factors
Category Evidence Another popular method is to treat each evidence as providing
Wall Ground, Corner a certainty factor for the hypothesis and to combine the various
Shadow Roof-cast, Corner, Region pieces by the method proposed in the MYCIN system [13]. The
I combined evidencek;  from the evidend§ afg are
Roof Standard-deviation

obtained by the following rule:




CE; + E;—E; xE|, whenE;, E; 20,

0
[E+E +E xE., whenE;, E. <0, "
E, =g ' bl Building
o B+ Ej otherwise
oL —min( E|,|Ej|)
5 Hidden nodes

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 hypothesike

3.3 BUDDS Method W-Ground

In the BUDDS, as described in [12], both linear combination
and certainty factors are used. For each set of evideagg, (
roof, wall, and shadow)E; are combined by linear weightin
into R, W and S. The resulting combined evidend® W %
S are then combined by using certainty factor rules given abov;

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

eneric two-layer feedforward network: In this approach, the
eural network topology consists of two layers. The input layers

A decisi g hvoothesi b de by threshol ed into a layer consisting of some number of hidden nodes
A decision on verlfylng.a YPOINESIS can be made Dy thresholgg, ,;q outputs feed into a single output node (several output
ing the combined certainty factor. This choice of combining evi-

q dif v at the two st d @hochasi nodes may be used for multiple output values). The number of
ence difterently at tne two stages was made oB@nochasis.  pqqyennodes can have a significant influence on the performance
The weights chosen for combining evidence in each set we

. . ) X 5f the system. However, the problem of choosing the right num-
deter@ned by human experimentation with @ number of 8% of hidden units in advance is not well understood [14]. It

cases; these weights are same for all images, however. could be determined by experimenting with different numbers of
nodes (and learning optimal weights for each case). In our sys-
tem, we used five hidden nodes for six input nodes, as shown in
. ._Figure 5.

. Neural networks offer a popular .method for deCISIOI”I. mak|.ng A neural network with hidden layers is easy to design but has
in presence of uncertainty, particularly when relatlonsh|p§Ome major disadvantages. First is the lackrahsparencylt is

betn/]een :_heloutplljt ‘f"”dE'”p;‘t v::ljrlables are n?t avanable t]:/rvo rd to understand the computations being carried out in the hid-
mathematical analysis. Each node (neuron) of such a netwg n layer and hence for a developer to intervene to improve per-

computes a weighted sum of its inputs and then applies athres{; rmance. The second disadvantage is that knowledge of the

olding or a sigmoid function; internal structure of the evidence is not used efficiently. For
0 example, the standard deviation of the roof is independent of the
E = gE’z WE,
]

3.4 Neural networks

By corner evidence of shadow but the shadow region is not. The
neural networks with hidden layers combine all the evidence

whereE is the combined evidence agd  is a sigmoid functiot'qgether.inlto the hidden nodes and hence may suffer from seri-
which approximates a step function (threshold function). ousoverfittingproblems.

In fact, aperceptron a neural network with a single node, is

equivalent to a linear combination such as is explained rceptual organization problems, there is a natural structure to
Section 3.1. In general, neural networks are more complicat g'cep 9 P '

networks with the outputs of several neurons feeding into tq)eehaa\il?::atftlr?eer\l/:eczjergrié:C/vierarr;ftlztte i?dlgiarsjtraegg :;;:\;r;tgjcture
inputs of another neuron. y 9 - F19

The programming of such a network can be considered {gr.edneural network that reflects the natural dgpendenmes of t'he
idence for our system. In fact, this network is less powerful in

consist of two components: design of the network topology anea/ ) .
: N . class representation than the generic two-layer network of
assignment of the weighting parameters. Itis common to apply igure 5? for any network instar?tiation of the Ztructured net-

machine learning algorithm to determine the parameters for

s seerl technigues et whisck popagatoeing he 1k 17 2655, el nsantiaton of e genec o
most popular method for multilayer feedforward networks. The y d ' : ' L
ork has an advantage over the generic two-layer network; it is

topology may also be learmed in principle, but this is a muc ransparent The parameters of each node reflect the importance
more difficult task. We think that it is more natural for a designe pare P o P
f the evidence, so that it is easy for the system developer to

fix th I for th r | organization problems. ) .
to .t e topology for the perceptual organization problems understandthe meaning of the parameters. It is also good for
consider two cases. . . ; . . ;
learning, which will be discussed in Section 4.1.

iﬁtructured feed-forward neural network: For hierarchical



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

3.6 Bayesian Networks

The assumption of independence of evidence variables is not
Ground Corner Corner Region Roof-cast always justifiable. An attempt to keep the simplicity of the naive
Bayes classifier but improve performance is described in [16].
An alternative is the concept of Bayesian networks, which have

FIG. 6. A hand-structured neural network recently become popular for handling uncertainty in many appli-
N cations [17, 18]. A Bayesian network is a graph representation
3.5 Bayesian Classifier with random variables as its node. Edges represent causal rela-

tionships where, given a parent node, all the child nodesame

Bayes’ rule offers an optimal approach to making decisiogitionally independent Each node has a set of conditional
about a hypothesidi , given evideriEe , by computing the coprobabilities as a function of its parent nodes (represented as a
ditional probabilityP(H|E) . Bayes rule gives: conditional probability table, CPT, for quantized variables).
P(E| H)P(H) Probabilistic reasoning is done by applying Bayes’ rule on the
—— CPT’s and the prior probabilities of the nodes and propagating it

P(E) through the network. For example, the joint probability of nodes
P(E|H)P(H) Xy, ..., X,, is given by the following formula:

P(E|H)P(H) + P(E| H)P(H)

P(H|E)

P(Xy, oo0s X)) = |_| P(X|ParentgX))) .
for a binary hypothesisl i
The difficulty in applying Bayes’ rule is in acquiring and rep- The process of computing probability distributions of some
resenting the knowledge of the joint probability distributionrnodes given probability distributions of other nodes is the pro-
P(E|H). If E consists ofn element®(E|H) is an n-dimen-cess of Bayesian inference. Algorithms for such inference can be
sional function. For example, if each element can be quantizésund in [17]; [14] contains a simple algorithm faingly con-

into m values, we need to know a table of sigé . It is not fearectednetworks.
sible to measure such a function even for problems with small Bayesian networks can accurately represent any joint proba-
number of evidence variables. bility distribution function but they exploit the conditional inde-

One simplification of this problem is to assume that all elependence to reduce the dimensionality of the function or the
ments ofE areonditionally independergivenH , the resulting number of parameters that define the network. They have the
classifier is known as naive Bayes classifier [15]. In this case, advantage of being transparent as the relations between the vari-
P(E|H) = |_| P(Ei\H); therefore, for the discrete case, weables are made explicit. Generally, when the structure of a net-
only need a table of sizenx n , which still shows good resultaiork reflects the causal relations between the variables, it is
for a number of problems [15]. called acausalBayesian network.

In our problem domain, the probability distributions, For BUDDS, we can find several causal relationships. For
P(E;|H), are continuous ones. We need to represent such casxample, a strong building hypothesis causes strong wall evi-
tinuous distributions effectively. There are several considerationignce which causes strong ground and corner supports for the
for an effective representation. It should be nonnegative and thll evidence. Figure 7 shows a causal Bayesian network reflect-
total area of the distribution should sum up 1 since it is a probaag those relationships. In this case, the wall and the shadow
bility distribution. The number of parameters should be smaHodes are set to beidden(unobservable) because it is tedious
enough to avoidverfitting while allowing representations of a and difficult for the system developers to assess the strengths of
variety of distribution shapes. In general, there is a trade-offall and shadow evidence for an example.
between the number of parameters and the representationaAs mentioned in Section 3.5, all the evidence variables of
power. BUDDS are continuous. Thus, we need to represent the condi-

With these considerations, two different approaches can lienal probability distributions effectively. For Bayesian net-
applied. The first is to use parametric curves such as normal digserks, there are more restrictions. First, the distributions are
tribution curves. In fact, it is hard to find good parametric distrimultidimensional since one node can have several continuous (or
butions, other than normal distributions, which satisfy the abowdiscrete) parent nodes. Therefore, the conditional probabilities



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

The output for BUDDS verification is binarlBUILDING or
NONBUILDING In this case, there is a trade-off between the
number offalse negativegundetected buildings) arfdlse posi-
tives(falsely detected buildings). It is common in machine learn-
ing to weigh the two kinds of errors equally; however, this is not
always consistent with the application needs. For building detec-
‘ﬁon, depending on the task, one or the other may be more trou-
blesome. For example, if the results are to be edited by a user,
removing false positives may not be so difficult, but if the results
of the automated process are to be used directly, it may be impor-
tant to weight the errors of false positives more than that of false
negatives. The relation between false positives and false nega-
whereX is acontinuous nod¥; are its parent nogles, are ttides is usually controlled by changing the threshold for the out-
function parameters fo¥; fyy . v (Y1 ....¥,) is & condi-put, however, it can also be incorporated into the learning
tional probability density function, anti  is a constant functioprocess (for neural networks and Bayesian networks) as
of value 1. It is alImost impossible to find a parametric multidiexplained later. We call the ratio between the cost of a false posi-
mensional distribution which satisfy all those conditions. In factiive and cost of a false negative thest ratioand the learning
the problem becomes easier for BUDDS if we regard hiddeparameters which influence the cost ratist ratio parameters
nodes (wall and shadow) as being discrete since the network f&gincorporating a cost ratio parameter into the learning process,
a restricted structure that all the continuous nodes have single can optimize the system performance for a given cost ratio to
discrete parents and no child. Still, this was not applied fasbtain a better result than by merely changing the threshold
BUDDS since we could not find good one-dimensional distribuvalue for the outputs.
tions as mentioned in Section 4.2. For BUDDS, once again, we
guantized the evidence nodes into 5 different levels while thg,1 Neural Networks
hidden nodes were quantized into 3 levels. For several
approaches with parametric distributions, see [17, 18, 19]. A back-propagation learning algorithm for neural networks

Another approach to apply Bayesian methods to the percefinimizes the squared sum of the errors between the results and
tual organization problem was studied by Sarkar and Boyer [7glesired outputs;

They introduced PIN (Perceptual Inference Network), an aug- )
mented Bayesian network with spatial parameters in each node, Err = Z(Tk_ok) , 1)
for the hypothesis formation process. This spatial information

needs to be incorporated in the reasoning process. In QihereErr s the total error to be reducdd,  is the target value
approach, the spatial information is already included in the eV the k th example, angy_ is the output of the current network.
dence collected for each hypothesis and is not explicitly i”d“dq-qlowever, this does not support different costsfdse negatives

in the Bayesian inference process; therefore, a general cauggl fase positives Instead, the results depend on the ratio

network vv_ithogt augmentation is sufficient. Instead, we focus 0fanyeen the number of positive examples and negative examples
dealing with hidden nodes to take advantage of the perceptyaliyo learning set. To compensate for this we modify Ere
organization structures during the reasoning process. Section §,3ction in (1) as follows:

describes learning of parameters associated with the Bayesian
network in presence of hidden nodes. Err = Zak(Tk_Ok)z’

Building

FIG. 7. A causal Bayesian network.

are tables of multidimensional functions. Also, for a discret
node with continuous parents, amerfunctionalnormalization
rule is applied:

Z fx v Yy v, (Y Yo 0 ¥n) = 1,

4. LEARNING
wherea, = (1-A)/np for positive examples,, = A/ny  for
The methods described in Section 3 require several parammegative examples), amf,  are the numbers of positive and
ters to be set for good performance. For the simpler methods,



negative examples, arld  isast ratio parameter~or our tests buildings) andtrue negativegundetected nonbuildingsp  is a

with BUDDS, A was fixed to be 0.7. cost ratio parameterThe higher values o  result in sacrificing
The learning rule is to change weight of each node t§ome true detections to avoid a larger number of false alarms.
reduceErr bygradient descerthill-climbing): The objective function is maximized by a hill-climbing search
algorithm by taking the partial derivatives of 32)I’he details of
90 this derivation are given in the Appendix.
Aw = —%'% - ZZGK(TK—OK)EV-VK
5. EXPERIMENTAL RESULTS

Computation of the derivative in the above equation follows T th ted inf dq1 ina techni
the standard methods used in neural network back-propagatitonthO ComParleBUESgggeihe dm erencet a(ljn earnlllng ec nldqutes
learning as described in, for example, [20] or [14]. 0 the ongina method, we created several learning data

It is very important to give a gooseed(set of initial parame- sets from several aerial image windows. First, rectangular build-
ters) for thegradient descenapproaches. For the generic net—ing component hypotheses were generated from each image win-

work, it is hard to give a good seed for learning, so we repeat%&’w' From the hypotheses, we created a leaming data set by

learning with several random seeds and chose the best result. dglpla}ylng Oni ht{]pot_Tess ata Fnlﬁ toa fr;umafn agqlgsklng forta
the structured network, since ittiensparentand simple, we can ecision on whether it represents the rooftop of a buriding or not.

manually set a intuitively good seed which in fact showed rel N mosrt1 casttra]s, thereh_lsh r;]o d|ff|_cult¥ n tmaklnlg thlgthdtehmsmn%
tively good results (Section 5). Moreover, the learned paramete Qosz typo esss whic ¢ lave s!gm |c§m overiap Wc'j doéroo i
of the structured network reflect the importance of the eviden ps but areé not accurately positioned were regarde

allowing the evaluation of the importance of evidence by obser\(f-areand not used as learning examples. The main reason for not

ing the weights in the network. In fact, this process allowed us tlésmg these hypotheses in leaming is that the evidence for them
' an be highly variable. Some of them have very good evidence

remove several evidence nodes which made small contributio@ , o

to the other nodes. ecause they include parts of buildings but some of them have
poor evidence because of the incorrect positioning of the roof. It

is not efficient to ask a human to look at the actual evidence val-

ues and to decide whether the hypothesis should be considered

Learning for naive Bayesian classifiers is rather straightfoﬁos't've or negative. Also, the desired classifications foctet

ward. In this case, we estimate the needed probability distribﬁ‘:";e hyptt))t?tesis arttahnqt Cle".’“i If.tSL.JCh a hypot?eslls IS SEIeCtﬁd’
tions P(Ei\H) and the prior probabilitie®(H) by observing"’mtt noh € fhr ypc:j esis e'XtISti, ! blst?n accep.ﬁ de a‘FSV{erz a
the occurrence of evidence and hypothesis and simply his[F)? €r Nypotnesis does exist, e, etier one witl cominate in a
: - ater overlap analysis phase. Iflan’t carehypothesis is rejected

gramming these quantities. . ; o .

because of poor evidence, this decision too is acceptable. Hence,
we do not use such hypotheses in either learning or evaluating
the system.

Learning parameters for Bayesian networks with hiddenﬁA.n mt'ieraftlve tool \ﬁassgivlelopefd o dc?llect Learnlng daltla StEt;’
nodes (i.e nodes whose values we do not observe directly) is? iciently. As a resutt, earning data sets were collecte

difficult task. In [21], Kowh and Gillies developed a Bayesian rom 1(.) jmages of 3 different sites; 165 of.them were determined
network learning control system for an endoscope. They minf> pos_mve hypotheses, 303 were negative, and 123 dmé
mized the squared sum of the error as for neural networks fire Figure 8 shows example hypotheses collected on an image

Section 4.1 above. window. .
We use an approach following recent work of Bindral We use the results of the handcrafted BUDDS as a baseline to

[18] which is based omradient ascentin their approach, the compare against other methods. We implemented a generic two

parameters are set to maximize the probability of observed val(i—y er neural network (Figure 5), a structured neural network

ables,P(H,, E,, H,, E H_E.) in our case. However, for igure 6), a naive Bayesian classifier, and a Bayesian network
1 1 1 21 VARERRE] n» n . 1
the verification task, we can make a better objective function;

4.2 Naive Bayesian Classifiers

4.3 Bayesian Networks

with discretized evidence (Figure 7). For the Bayesian network,

continuous evidence values were discretized into 5 levels while

y 9(Op) ‘B y Q(ON)} the hidden nodes were set as 3-level discrete nodes. Initial sets of
Ny '

max{(l—B) (2) parameters for the structured neural network and the Bayesian

Np

wheref3 isaconstanQ, = P(H|Ep;) is an output of a positive
example, Oy = P(H‘ Ey) is an inverted output of a negativel. Besides (2), we have two more constraints: the sum of CPT entries with a
example,n, andhy are the numbers of positive and negative given parent instance equals to 1 and all the parameters lie on [0,1]. There-
examples, andy is a sigmoid function which approximates a fore, we first need to obtain the derivatives of (2) without applying these con-
step function. It maximizes the sum blie positives(detected straints, then project the resulting parameters onto the constraint space.
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FIG. 8. Example hypotheses. Positive hypotheses are shown in red,
negatives are blue, and the yellow ones arel®im carehypotheses.
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network were given manually, while, for the generic neural net- False Rate (%)

work, several random sets of parameters were learned and the
best result was chosen.

It is common to characterize the results in terms of detectioralues, the more number of building components are detected
rate and false alarm rate. In this paper, detection rate is the rabiot also more false alarms are detected, and for the higher thresh-
of true positivesto all the positive hypotheses and false alarnold values, less false alarms but also less building components
rate is the ratio ofalse positiveso all the positive hypothesis. As are detected.
already mentioned, a trade-off can be exercised between theThe results clearly show that the automated learning methods
detection rate and the false alarm rate. Rather than choose ahew much better performance over most of the operating range
value, we show the trade-off curves as in 8.. These are commorthan the original method. For example, keeping the false alarm
called ROC (“Receiver Operating Characteristics”) curvegate fixed at 5%, we see at most 29% point improvement (Baye-
Figure 9 shows ROC curves for each method. In this paper, te@n network) on the detection rate. Also, note that the structured
curves were obtained by simply changing the threshold value faeural network shows a competitive result with the generic neu-
the continuous outputs of each method. For the lower threshaial network. In fact, the generic neural network did not show bet-

FIG. 9. ROC curves for various methods.

(@) (b)
FIG. 10. Results on the image window in Figure 2; (a) BUDDS method, and (b) Bayesian network.
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100

We have presented some algorithms for making verification
decisions with uncertain evidence and shown an experimental
evaluation for a building detection system. It is clear in this
example that the results can be significantly improved by use of a
systematic methodology such as the Bayesian networks. Further-
more, the development time and effort can be substantially
reduced by using machine learning algorithms.

We believe that the presented methods are not specific to the
particular system used in our tests or to the building detection
task. These methods should apply to all perceptual grouping
tasks that collect evidence from a number of cues to make a deci-
sion on which groupings are to be preferred. Also, we have only

Detection Rate (%)

0 T T T

0 z 10 15 20 applied this methodology to the final stages of the grouping pro-
False Rate (%) cess. It can also be applied to earlier stages (as in [8] for exam-
ple).

FIG. 11. Bayesian network results with various cost ratio parameters.
The ROC curve is fop =0.6. Threshold value 0.5 was applied for the

other points. APPENDIX

ter performance than the structured neural network for the most 10 Maximize the objective function of (2), the partial deriva-
of the random seeds applied, although only the best result J¥es on1 the parameters (CPT entries) are used. For a discrete
shown in the figure. This illustrates that applying the knowledgBdeX ~,
from structure of the perceptual organization problem can reduce 3 y 9(0y) y 9(0y)
a large amount of effort while it also provides a stable result. Aw; = 7[(1_ B) Pt B N J
Figure 10 shows the grouping results displayed in the image ow; Np NN
window in Figure 2. We only show the results of the BUDDS (1-p) 00 B 20, ,
method and the Bayesian network method as the results from = n—ZQ'(Op)W + n_zg'(ON)W ,
other learning methods are quite similar to those of the Bayesian P : N :
network method for this example. We measure performance fWherewi _ P(Xi\Ui) is thei th CPT entry (instance combina-

each rectangular component of a rectilinear building. It is cleqfon) of X on its parent node(d) . By averaging over the possi-
that the Bayesian network detects more building COMPONents, instances ok and . we get

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

9 _ 0
aw 1B = 2 PRI Uy EIPOG UilE)

the BUDDS method, including a small building in the bottom, = iz P(H[X;, U, E).
) . . ow;
but missed one component in the middle. 7
Figure 11 shows the results on Bayesian networks with vari- P(E| X;, Uj)P(XJ—\UJ—)P(Uj)
ous values of the cost ratio paramefier  of (2). In this figure, the P(E)

ROC curve is the result fof = 0.6 . Other points show the

detection and false alarm rates for various cost ratio parameterd¥ote that P(H|X;, U, E) , P(E[ X, Uj) , andP(U;) are
when the standard threshold value of 0.5 is applied. It shows thifdependent on all CPT entries;  of the node P(E) =
with the proposed learning method for Bayesian networks, wekP(El %o UJP(X|U,)P(U,) ~ can be_ represented as
can emphasize a different point on the ROC curve by simplf(El %, UDP(Xi|Uj)P(U;) + ¢, wherec = 2. iP(E| X, Uy)
changing the cost ratio parameter. By incorporating the cost ratid X« Y)P(Uy) , which is independent om; . For simplicity,
parameters into the learning procedure, we get better results tHainWill stand for P(H|X;, U;, E) and f(w;) forP(E|X;, U;)

by controlling the cost ratio by merely changing the thresholﬁ)(xi\ui)P(Ui) - Then

values. However, the Bayesian network is more susceptible to

the overfittingproblem, which can cause the results on test data o _ ,
to be not as good as for the training data 1. A similar derivation can also be applied for the continuous nodes. We do not
9 9 ’ include this as it is not used in the system described here.




0 f(w) 3.
aTviP(H‘E) ow; Z Jf(w)+c zawg\'f(w)+cm'
Fori#j , we get 4
%\ fw) g_ A f(wy) fi(w) 5
ow T f(w) + el (f(w) +c)? 3
and fori = j , we get
f(w) o_ FW)IN(F(w) +c) = F'(w)A f(w) 7
aTvB\jf(w)H:D (f(w)+c)?
8
where f'(w;) = —(P(E\X, Uj)P(X|U;))P(U))) = P(E[X;,
U)PU). M

Thus, by applying simple algebra to the above equations, we
get
(W) (A (F (W) +¢) = 5 AT (w))
P(E)’
P(E\X‘ U)P(U)(P(H| X, U;, E)P(E) - EP(H\X U;, E)P(E| X;, U)P(U))

d -
aw"(HIE) =

P(E)?

Here, P(H|X;, U;, E) andP(U;) can easily be obtained by 13
applying the Bayesian network inference rul&{E)
be obtained by the same method. Once we KknB{E) ,

P(E| X, U;) can be obtained with less computation by applyind4.

Bayes’ rule:

15.

P(X;, U;|E)P(E)

PEP B = T, 0

Note thatP(U;) andP(X;, U;)
so they can be calculated only once for each iteration. Also,
P(E) is independent oiX and
for each data instance.
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