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Abstract 

This paper presents a model-based object recognition 
method which combines a bottom-up evidence accumulation 
process and a top-down hypothesis verification process. The 
hypothesize-and-test paradigm is fundamental in model-based 
vision. However, research issues remain on how the bottom-up 
process gathers pieces of evidence and when the topdown 
process should take the lead. To accumulate pieces of 
evidence, we use a configuration space whose points represent 
a configuration of an object (ie. position and orientation of an 
object in an image). If a feature is found which matches a part 
of an object model, the configuration space is updated to reflect 
the possible configurations of the object. A region in the 
configuration space where multiple pieces of evidence from 
such feature-part matches overlap suggests a high probability 
that the object exists in an image with a configuration in that 
region. The cost of the bottom-up m e s s  to further 
accumulate evidence for localization, and that of the topdown 
process to recognize the object by verification, are compared 
by considering the size of the search region and the probability 
of success of verification. If the cost of the top-down process 
becomes lower, hypotheses are generated and their verification 
processes are started. The first version of the recognition 
program has been written and applied to the recognition of a jet 
airplane in synthetic aperture radar (SAR) images. In creating 
a model of an object, we have used a SAR simulator as a 
sensor model. so that we can predict those object features 
which are reliably detectable by the sensors. The program is 
being tested with simulated SAR images, and shows promising 
performance. 

1. Introduction 
Hypothesize-and-test. or a combination of bottom-up and 

top-down processes, is a paradigm commonly used in model- 
based v i ~ i o n ~ . ~ . ~ .  The method is important for achieving 
efficient and robust vision. The research issues are how the 
bottom-up process gathers pieces of evidence to generate 
hypotheses and when the hypotheses should be generated for 
the top-down process to start- Conventional methods are rather 
rigid in terms of how and when to generate hypotheses. For 
example, the "local-feature-focus" recognition strategy 
proposed by Bolles. Horaud and Cain2 requirts that "focus 

features" be determined in advance. A hypothesis is generated 
if exactly those "focus features" have been detected. 

We propose a model-based object recognition method 
which combines a bottom-up process and a top-down process 
efficiently by using configuration spaces. A point in a 
configuration space represents a configuration of an object (ie. 
position and orientation of an object in an image). If a feature 
is found which matches a part of an object model, the 
configuration space is updated to reflect the possible 
configurations of the object. A region in the configuration 
space where multiple pieces of evidence from such feature-part 
matches overlap suggests a high probability that the object 
exists in an image with a configuration in that region. The cost 
of the bottom-up process to further accumulate evidence for 
localization. and that of the top-down process to recognize the 
object by verification, are compared by considering the size of 
the search region and the probability of success of verification. 
If the cost of the top-down process is lower, hypotheses are 
generated and their verification processes are started. 

The fundamcntal idea of the bottom-up process is similar to 
the Hough transform4. Thompson and Mundy5, Hwang6 and 
Sat0 et al.7 used a similar approach. What is new in our 
method is that we consider the certainty of an object's 
existence and the uncertainty of the object's position and 
orientation by using the configuration spaces. The certainty is 
represented by a certainty value of each point of the region in 
the configuration spaces. The value is basically decided by 
what features support the region. The positional uncertainty is 
represented by the area or volume of the region. The method 
decides when to change the process by comparing the process 
costs obtained from the information in the configuration 
spaces. If the object's existence certainty is high and the 
positional uncertainty is small, the top-down cost is low and it 
takes the lead. 

We have applied the method to synthetic aperture radar 
(SAR) image recognition. In designing the recognition 
method, we have considered a sensor model as well as object 
models. Ikeuchi and Kanadel proposed the use of sensor 
models to predict the detectability and reliability of each 
feature in order to establish a robust recognition method. In 
creating a model of an object, we have used a SAR simulator 
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location of the part. 

Several feature extractors search in an image for features. 
When a feature is matched against a part in the model base 
using some attributes, the match is considered as a piece of 
evidence supporting the existence of the object which has the 
part. This evidence is accumulated in an evidence 
accumulation object configuration space ("evidence 
accumulation OCS") for the object by establishing a cloud 
which shows the possible configurations of the object. The 
cloud can be obtained from the model O C S  of the part. 

If there happens to be a cloud in an evidence accumulation 
OCS where supports overlap from many feature-part matches, 
the cloud represents a higher probability that the object exists 
in those configurations. The more pieces of evidence that 
support the cloud, the higher is the probability and the smaller 
is the size of the cloud. The latter means that the positional 
uncertainty of the object is reduced by accumulating evidence. 

If the probability is high and the size is small, it might be 
more efficient to use a top-down process instead of the bottom- 
up or evidence accumulation process. This is because the high 
probability assures a high success rate in verifying the 
hypotheses, and the small size means that a top-down process 
needs to search only in a small area. The method decides when 
to change the process by comparing the cost to continue the 
bottom-up process until the object is detected and the cost to 
detect the object by shifting to the top-down process. 

as a sensor model, so that we can predict those object features 
which are reliably detectable by the sensors. 

2. Overview of the Recognition Method 
We use the aspect method9 to deal with the appearance of 

3-D objects in 2-D images. An aspect is a representative view 
of an object. An object model is represented as a set of aspect 
models which cover all possible appearances. Thus, the 3-D 
object recognition problem becomes a problem of finding a 2- 
D object in an image which matches one of the aspect models. 
Section 6 will show why this is sufficient for SAR image 
recognition. 

Object recognition can be considered as finding the 
configuration (i.e. position and orientation in an image) of an 
object. An important issue in a recognition method is how to 
maintain information about what configurations an object can 
take. We use configuration spaces for this purpose. A point in 
a configuration space represents a configuration of an object or 
a part of an object. Before an object recognition process starts, 
an object may be in any configuration, and the probability of 
any given configuration is very low. If a feature is found 
which matches a part of the object, it constrains the possible 
configurations of the object, thus giving the possible 
configurations a higher probability. We consider a subspace of 
these high probability configurations as evidence which 
support the existence of the object. If another piece of 
evidence is found, and if both subspaces overlap in the 
configuration space, the overlapped region forms a new 
subspace, where the number of the possible configurations is 
smaller and the probability is higher. This process shows that 
the accumulation of evidence decreases the uncertainty of the 
configuration and increases the probability of the existence of 
the object. In the configuration space, the information is 
maintained by a thick "cloud" where several thin clouds 
overlap. This means that the subspaces of evidence overlap to 
form a smaller subspace with a higher probability. 

Figure 1 shows an overview of the method. An object 
model is composed of parts. Each part corresponds to a 
primitive feature such as a point or a line segment which can be 
extracted in images. Here, a point means a round blob f e a a  
and a line segment is a elongated blob feature with narrow 
width. Each part has some attributes such as area, intensity, 
and ratio of the maximum to the minimum inertia9. To each 
part, two configuration spaces are attached to represent its 
positional relation to the whole object. 

One configuration space is a model part configuration space 
("model PCS"). This configuration space shows the possible 
positions and orientations of each part with respect to the 
position and orientation of the whole object. The other 
configuration space for each part is a d e l  object 
configuration space ("model OCS").  It holds the reverse 
relation of the model PCS; that is, it gives the possible 
positions and orientations of the whole object viewed from the 

model 

parts 

evidence accumulation OCS 

attribute 
matching M feature extractors 2 Image 

hypothrrla 
generation 

PCS : Part Conflguratlon Space 
OCS : ObJect Conflguratlon Space hypothesis PCS 

Figure 1: Overview of the recognition method. 
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If the cost of the top-down process is lower, hypotheses for 
the object and undetected parts are generated. The positions 
and orientations which each part can take are computed from 
the cloud in the evidence accumulation OCS and a model PCS 
of each part. These configurations are stored in a hypothesis 
part configuration space ("hypothesis PCS") of each undetected 
part hypothesis. 

Each hypothesis directs the feature extractors to examine 
the region specified in the hypothesis PCS. If enough of the 
part hypotheses have been verified, the object is verified. 

Though a feature matches one part in the model base in the 
above explanation, a feature may match multiple parts in real 
applications. The basic assumption is that the method can get a 
cloud with a high probability corresponding to a correct object 
even if each feature makes some mismatches. We can make a 
network connecting similar parts which may match the same 
type of feature. In this case, all the connected parts match a 
feature simultaneously when it is found by the feature 
extractors. 

3. Recognition and Configuration Spaces 
The method uses four kinds of configuration spaces: 

1. Model part configuration spaces ("model PCS") 
2. Model object configuration spaces ("model 

3. Evidence accumulation object configuration 

4. Hypothesis part configuration spaces 

OCS")  

spaces ("evidence accumulation OCS") 

("hypothesis PCS") 

The first two configuration spaces are stored with the 
model. The evidence accumulation OCS's are used in the 
bottom-up process. The hypothesis PCS's are created when 
hypotheses are generated. The OCS's show possible 
configurations of an object, while the PCS's show those of a 
Part. 

This section describes the information that each 
configuration space maintains by using a simple example. 
Figure 2 shows an example of an object consisting of three 
points and three line segments. We define a coordinate system 
to describe the position and orientation of each object or part. 
A coordinate system is represented by the position of the origin 
and the direction of the x-axis. 

Model PCS 

This configuration space shows the possible positions and 
orientations of each part with respect to the coordinate system 
for the whole object. Figure 3 (a) shows the configuration 
space for the line-like part P1 in Figure 2. There are two 
regions or clouds in the space because the orientation of a line 
segment has two possible values with a difference of x. Figure 
3 (b) shows the configuration space for the point p6. Since a 

YO 

P5 b 
P6 I n  0 P4 P1 

o n  

P2 B 
Figure 2: Object model. 

e 

X 

(a) Line part. 

e 

xo 

X 

(b) Pointpart. 

Figure 3: Made1 part configuration spaces. 
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point has no direction attribute, we can ignore the 8 dimension 
or consider that the region is like a cylinder in Figure 3 (b). 

A cloud describes the position and orientation constraints in 
configuration so that we can allow some position and 
orientation tolerance for each part in the model as well as 
measurement uncertainty in the feature extraction. The size 
and shape of each cloud depend on the amount of tolerance and 
uncertainty. 

Model OCS 

This configuration space holds the reverse relation of the 
model PCS. It shows possible regions in which the object can 
exist when the part is put at the origin with zero degrees of 
rotation. Figure 4 (a) is a model OCS of the line segment P1 in 
Figure 2. There are two clouds in the configuration space 
corresponding to the two possibilities for the object’s position 
and orientation. These are indicated by the two object 
coordinate systems, X1-YI and X2-m. in Figure 4 (a). 

The shape of a cloud for a point feature is a little 
complicated. Figure 4 (b) shows an example for P6. If a point 
feature matches a point part. the position of the object should 
be somewhere on a circle as shown on the top face of the box. 
The object orientation is also constrained. If the object is 
located at a certain point on the circle indicated by the end of 
an arrow, the object’s orientation must be in the direction of the 
arrow. This relation is represented as a spiral in the three- 
dimensional configuration space as shown in Figure 4 @). 

Evidence accumulation OCS 

This configuration space is used to accumulate pieces of 
evidence for each object 

If a feature is extracted which matches a part of an object, 
the model O C S  for the part is translated and rotated so that the 
position of the origin and the direction of the x-axis are equal to 
those of the extracted feature. Next, the clouds in the model 
O C S  are translated along the 8 direction by the value of the 
direction of the feature. Then. they are convolved with the 
uncertainty of the measurement of the position and orientation 
of the detected feature. The resultant clouds are written in the 
evidence accumulation OCS for the object. Figure 5 shows the 
clouds after detecting two features which match P1 and P6. 
The region where the two clouds overlap indicates a high 
probability of the existence of the object in this region. We 
will discuss the details in the next section. 

Hypothesis PCS 

When an object’s existence is hypothesized, the hypothesis 
PCS is created for each undetected part to specify the positions 
and orientations where the parts should exist, in other words, 
the search area in the top-down process. This space can be 
obtained by convolving the model PCS of the part with the 
clouds in the evidence accumulation OCS. Figure 6 shows an 

X 

(a) Line part. 

8 8 

X 

(b) Pointpart. 

Figure 4: Model object configuration spaces. 

X 

(b) Pointpart. 

Figure 4: Model object configuration spaces. 

8 

X 

Figure 5: Evidence accumulation object configuration space. 
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example for P3. The existence of the object is hypothesized 
after detecting three feature-part matches indicated by the 
regions filled with diagonal lines. The possible positions and 
orientations of the line segment part P3 form two ellipsoid 
clouds in Figure 6. 

H 

n 

X 

J 2ra 
u u w  

n n " " . xo 

Figure 6: Hypothesis part configuration space. 

4. Evidence Accumulation into the Configuration 
Space 
The evidence accumulation process is performed by using 

an evidence accumulation OCS. We will explain the method 
by considering a 1-D example. Figure 7 shows an object 
model consisting of four points. The position of the object is 
represented by the position of the origin 0,. Assume that each 
part has the same positional tolerance of 2ra. 

A cloud in an evidence accumulation OCS has two 
attributes. One is its shape and size, which determine the 
possible configurations of the object. The shape and size can 
be obtained by convolving the tolerance of the position and 
orientation of a part with the measurement uncertainty of an 
extracted feature. The other is the value of each point in the 
cloud, which is related to the certainty that the object exists at 
the position and orientation specified by the point. The 
certainty depends on the combination of the parts supporting 
the cloud, the measurement uncertainty in the feature 
extraction, and the amount of noise in the image. Thus, the 
cloud can be considered as a certainty density distribution in 
the evidence accumulation OCS. 

In this 1-D case, a cloud is represented by a function of x. If 
a feature F1 matching P1 is detected, the certainty of the 
existence of the object has a distribution indicated by the solid 
line in Figure 8 (a), considering measurement uncertainty of 
the feature in addition to the positional tolerance of the part. 
Then, F2 is detected as P2. Another distribution is obtained as 
the dashed line in Figure 8 (a). Since P2 is assumed to be a 
part which is important for distinguishing this object from 
other objects. its detection indicates a higher certainty of the 

object's existence. Then, F3 is detected as P3, and another 
distribution is obtained, shown by the dotted line. After this 
evidence has been accumulated, the three clouds, when 
summed, can be considered to form a cloud showing a total 
certainty density distribution as in Figure 8 (b). 

If we establish a region of length 2rk as shown in Figure 8, 
the area of the hatched region shows the certainty that the 
object exists in the region. If the top-down process starts at 
this moment, and a hypothesis for the undetected part P4 is 

P1 I O0 P2 P3 P4 

Figure 7: Object model in 1-D case. 

Certainty 

t I F l - P A L  . 
F3*P3 

I 
I h 

Certainty 
4 

Certainty 

X 

Figure 8: Certainty density distributions in the 
evidence accumulation object configuration 
space. 
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generated, the process must examine an area of 2(rk+ra) to 
verify the hypothesis, because we assume that the object exists 
somewhere in the 2rk region, and each part has a positional 
tolerance 2ra. 

The probability that the top-down process succeeds in 
finding the object within the region is proportional to the 
certainty of the object’s existence accumulated over the region 
in the configuration space. The examination cost of the top- 
down process to verify an object hypothesis is related to 2r,. 
Suppose we get a dismbution as in Figure 8 (c). As we set a 
larger rr the probability of success becomes larger. However, 
at the same time, the cost of the top-down process becomes 
higher, because the top-down process must examine a larger 
area. On the other hand, if we set a smaller rk, the probability 
of success is lower, though the search cost is smaller. A 
narrow dismbuaon in which we can take a small rk yielding a 
large area (a high success probability), like in the case of 
Figure 8 (b), is necessary to initiate the top-down process. 
Note that rh is not a parameter which needs to be determined in 
advance. This will be explained in the next section. 

5. Comparison of the Process Costs 
A combination of a bottom-up (data-driven) process and a 

top-down (model-driven) process is important to make object 
recognition efficient and robust. The question is when to 
switch from the bottom-up process to the top-down process. 
Suppose k pieces of evidence el,ez, ..., ek have been found for an 
object which consists of m parts. The decision can be made by 
comparing the cost to continue the bottom-up process until the 
target object is found with the cost to detect the object by the 
top-down verification process. We make a simple analysis to 
estimate the costs to get a general idea of the appropriate time 
to switch. We can modify the results of the analysis through 
experiments when we apply the recognition method to a real 
application. 

In the bottom-up process the feature extractors have to 
search A/m pixels on average to find a feature matching a part 
of the target object, where A is the total number of pixels in an 
image. During that period they might find fd features including 
the necessary feature, each of which has the cost of finding a 
matching part. The cost of completing the recognition by the 
bottom-up process, that is, the cost to detect m-k features by 
the process is 

where eb is the average cost of examining a pixel by the 
bottom-up process when only the necessary features are in the 
image. 

Next we consider the cost of the top-down process. Though 
the cloud in the configuration space is three-dimensional, let us 
consider only the extent of the x and y dimensions of the cloud, 
because we assume that the cost depends only on the search 

area. In other words, if a feature exists at some point, the 
process can find it without regard to its orientation. To make 
the matter simple, we assume that the cloud is a circle of radius 
re We also assume that the positional tolerance for each part is 
the same for all the parts and is described by a circle of radius 
ra. Finally, we assume that the cost to examine a pixel, el. is 
the same for all the parts. The cost to examine m-k hypotheses 
is 

E,,, = ef(rn-k)rc(rk+ra)2. 

When the above cost is paid, the probability of success is 

C = c(obj=x,yle,e ,... ek)ddy. 
XcQ 

This is the certainty of the existence of the object when the 
set of features are observed in an image. It corresponds to the 
hatched area in Figure 8 (b) in the 1-D case. Here we consider 
this certainty as the probability of the object’s existence. 
Therefore, the expected cost of the top-down process until the 
process succeeds is 

=E&. 

In a real application we can terminate the search in the middle 
of the process if some of the hypotheses have been refuted. 
Thus the real cost of the topdown process is less than the value 
obtained by the above equation. 

We use the ratio of E,  to EH to decide when to change the 
process. The ratio is 

If S is less than 1, it is better to use the top-down process. The 
first term of the equation shows the ratio of the costs of 
examining a pixel by the top-down and the bottom-up 
processes. The second is the ratio of the areas to be searched. 
For example, suppose e ,=eb . f~ l .2 ,  m=10, A=M2 and r a d ,  
then C should be over 0.52 to start the top-down process when 
rk is 5 and over 0.31 when rk is 3. 

Note that rk and C are not independent and that rk is not a 
predetermined value. As explained in Section 4. C can be 
calculated for any given r,. Therefore. to be precise. the cost 
comparison says that the topdown process should start if there 
is a subspace of radius rk in the cloud which makes S smaller 
than 1. However, this requires the evaluation of S for various 
rk values. Therefore, in the implementation described in 
Section 6, a predetermined threshold is used to extract such a 
subspace. In other words. points whose certainty value is 
greater than the threshold are extracted. S is computed from 
the size of the subspace and the certainty over the subspace. 

In reality. the value of C is difficult to obtain. It depends on 

SPIE Vol. 938 Digital and Optical Shape Representation and Pattern Recognition f 19881 / 449 



the uniqueness of the set of features. It has a high value if the 
set of features are very specific to the object among the objects 
which are expected to appear in an image. The value also 
depends on the noise in an image, which is represented by f, 
If an image is noisy, the probability decreases. especially for a 
simple combination of features, because such a simple 
combination of features might often happen by accident due to 
noise. We have to consider the above matters when we use the 
method for a real application. 

6. Application: Object Recognition in SAR images 

6.1. SAR sensor and object models 
We apply the method which has been described to object 

recognition in SAR images. Ikeuchi and Kanadel indicated the 
importance of using sensor models in addition to object models 
to create an efficient and robust recognition method by 
considering what kind of features can be reliably detected. In 
this application, we use a SAR simulator developed at The 
Analytic Sciences Corporation (TASC)l0 as a SAR sensor 
model. 

We deal with images of objects on the ground taken at the 
same elevation boresight @ as shown in Figure 9. We do not 
need to consider scale change in the SAR images. This makes 
the variation in the objects' appearance only dependent on the 
orientation 8 of the objects with respect to the sensor direction. 
Figure 10 shows SAR images of a jet airplane with four 
orientations. The appearance changes according to the 
orientation. The bright, point-shaped regions and line-shaped 
regions are the primitive features which we use for recognition 
in the SAR images. 

At the moment, instead of grouping appearances into 
aspects by considering their similarity, we just divide the 
orientation into equal intervals and prepare a model for each 
orientation. Each orientation model consists of the parts 
described by a point or a line feature with some attributes such 
as area, intensity, direction and ratio of the maximum to the 
minimum inertia. Those parts and their attributes are obtained 
by the SAR simulator. The intensity atmbute is related to the 

Figure 9: SAR image acquisition setting. 

reliability in the feature extraction step. The parts with high 
intensity can be reliably detected even in a noisy image. 
Therefore, the feature extractors first search for features with 
high intensity which might match the parts with high intensity 
in the bottom-up process. If an object hypothesis is generated 
from those features, the feature extractors try to find lower 
intensity features in the top-down process. This decreases the 
recognition cost and increases the robustness, which are the 
merits of using the sensor model. 

The model PCS and the model OCS for each part are 
generated from the SAR simulator. The size and shape of the 
clouds in the configuration spaces depend on the positional 
tolerance of each aspect and the measurement uncertainty in 
the bottom-up process. The latter is estimated by using the 
intensity and the shape of each part. If the intensity is high, the 
uncertainty is small, because such a feature can be detected 
reliably with less positional error. If the shape is line-like, the 
uncertainty is large along the line direction and small in the 
direction perpendicular to it, because end positions of a line 
usually have some error. The size and shape of the uncertainty 
are empirically determined for the moment. 

Though the configuration spaces used here are three- 
dimensional, they can be treated as two-dimensional spaces for 

(a) 8=-30°. (b) 8=30°. (c) e=-1200. (d) 8=120°. 

Figure 10: SAR images with different orientations. 
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each orientation model. This means that each model uses one 
&plane in the three-dimensional spaces. Since the appearance 
depends only on 8, and since models are given for each 
orientation, only the translation of each model needs to be 
considered in recognition. In other words, a whole set of the 
orientation models for an object can be considered to form a set 
of three-dimensional configuration spaces. 

6.2. Experimental results 
We have implemented the object recognition method using 

Knowledge Craft (Carnegie Gmup Inc.)". The models are 
described by schemata (frames) and CRLOPS (upwardly 
compatible with 0PS512) is used to control the recognition 
process. The models arc completely separated from the 
procedure. If a new model of an object is created according to 
the specified format, the method can be applied to the new 
object. 

Two binary images are generated by thresholding a SAR 
image at high and low thresholds. Regions in the binary 
images are labeled, and the attributes of the regions are 
calculated. Schemata of the regions are created and put into 
working memory in CRLOPS'. The regions obtained at the 
high threshold are used as the reliable, high priority features in 
the bottom-up process. The other regions are used mainly in 
the topdown process. If a hypothesis cannot find a matched 
feature in working memory, the hypothesis mates  a binary 
template of itself and examines the match of the template 
around the hypothesized location in the binary images. If it 
gets a high matching score. the hypothesis can be verified. 

We performed experiments using images generated by the 
SAR simulator. Figure 11 shows an example which was 
synthesized by taking the maximum value at each point of two 
images for a jet airplane with orientation -30' and the same jet 
airplane with orientation 120° created by the SAR simulator. 
We call them jetplane-30 and jetplane+l20 here. This image is 
synthesized for this hypothetical experiment and is not a real 
SAR image. For instance, the effect due to interaction between 
the two objects is not considered. Figures 12 (a) and (b) show 
extracted features obtained at the high and low thresholds. 
respectively. 

Figure 13 shows a recognition result. Figures 13 (a) and (c) 
show the models of jetplane-30 and jetplane+l20, respectively. 
They also display the status of the c m n t  bottom-up process. 
A symbol such as F15 under the circles indicating the parts 

'We have used dc-based pgranuning for rapid pro(o(ypm ' g o f r h e  

exeaclcd and stand in working mulloly in ldvpnce ex- fcatlu*r 

ma01 mechanism of the mahod. The mopition ~IUCCSS is detamincd 
by s e v d  des in this program. In our implancntatio~~. dl UIC featucs m.? 

deuxted by template matching in thc topQwn process. ITIC boaom-up 
process is regrescnted by a Nk. i f a  featllrc matches apart. Chcn write 
possible configurations in the e v i w  accumulation OCS. Ihe ruk 
ccn-g IO the topdown process is that ifthm is a featwe which 
satisfies a hypothesis. then the hypothesis is vaifml. The use of ruk-bad 
programming in this way has made it easier to test the recognition method. 

Figure 11: Synthesized SAR image used in the experiment. 

(a) Features extracted at high threshold. 

. . . ... 
QF17 

. . .  .. . . . .. .. 
* . G F &  . *  . .. . .  .. . . Q+"' .. 

~ . .  

(b) Features extracted at low threshold. 

Figure 12: Feature extraction result. 
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shows that the feature F15 matches the above part and that the 
evidence is accumulated in the evidence accumulation OCS. A 
feature may match multiple parts. In this example, F15 
matches nine parts. However, the feature-part matches for a 
correct object form a small cloud with a high certainty of the 
existence of the object in the evidence accumulation OCS. 

Figure 13 (b) and (d) show the status of the topdown 
process. If the cost of the top-down process computed from the 
information of the accumulated cloud is lower than that of the 
bottom-up process, the object’s existence is hypothesized. The 
simple dark circles for the parts show that these feature-part 
matches formed small dense clouds indicating a lower top- 
down cost and that hypotheses are generated based on them. 
Four feature-part matches are used to generate the hypothesis 
for jetplane-30. while only two are required for jetplane+l20. 

In this implementation, the certainty of each point in the 
evidence accumulation OCS is decided only by the 
combination of the parts supporting the point. Higher weight is 
given to parts or combinations of parts specific to a model. 
Other parts have a constant weight. This information is 
contained in the models. The certainty is calculated by adding 
those weights. In this example, a higher weight is assigned to 

the fuselage part (the line part) of jetplane+l20, which matches 
F3. That is why jetplane+l20 needs only two feature-part 
matches to generate the hypothesis. In a real application, the 
certainty value and the cost comparison method can be 
adjusted through experiments. 

The dark circles with a white ring indicate that a hypothesis 
for an undetected part, such as H19 in Figure 13 (d), is verified 
by feature F1 in the working memory. The dark circle with a 
mangle means that the hypothesis is verified by using template 
matching. In this example the feature which should match H7 
is divided into F38 and F39 in Figure 12. Therefore, there is 
no feature satisfying H7 in working memory. Template 
matching finds F41 combining the two features. Figure 13 (e) 
shows the feature positions used in the recognition process. 
The features used to generate the hypotheses and to verify them 
are marked by white circles. 

Since all the hypotheses for the undetected parts have been 
verified, the existence of jetplane-30 and that of jetplane+l20 
are verified. The rough outlines of the detected objects are 
superimposed in Figure 13 (e). The verification condition can 
be loosened if necessary. such that the existence can be verified 
even if some parts have been refuted. 

(a) Model and bottom-up process 
monitor for jetplane-30. 

(c) Model and bottom-up process 
monitor for jetplane+l20. 

(b) Topdown process monitor 
for jetplane-30. for jetplane+l20. 

(d) Topdown process monitor 

Figure 13: Result of SAR object recognition. 

(e) Detected objects. 
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The method has been tested with several simulated images 
with one object and with images with two objects synthesized 
from the images with one object. It shows promising 
performance. 

7. Conclusion 
We have proposed a basic framework of a model-based 

object recognition method. It combines a bottom-up process 
and a top-down pmess  by using configuration spaces as a 
unified tool to represent object and part relations and to 
accumulate pieces of evidence from images. It decides when 
to change the process by comparing the costs of the two 
processes. We applied the method to SAR image recognition. 
A SAR simulator is used as a sensor model to determine the 
reliable features. 
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