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Abstract 

A technique for image interpretation based on the 
constraint satisfaction methodology is described. The 
technique resolves uncertainties found in image in- 
terpretation problems. The objects in an image are 
treated as independent variables. The technique com- 
bines the recognition results for these objects to de- 
velop an interpretation of the image. The technique 
uses an intelligent backtracking algorithm to solve the 
constraint satisfaction problem and also analyzes fail- 
ures of the backtracking routine to suggest modifica- 
tions to help locate a solution. This technique is able 
t o  overcome uncertainties in image interpretation by  
generating partial solutions and infem.ng values for 
the missing objects. A n  outline of this processing is 
presented and an application of this technique is also 
given. The technique is then compared t o  another ap- 
proach in the same domain. Preliminary results on 
over 1000 test images show this method is able t o  cor- 
rectly interpret nearly three times as many images as 
a previous method. 

1 Introduction 

The goal of image interpretation is to determine 
the meaning of what is present in an image. Often 
the meaning is chosen from a finite list of possible in- 
terpretations. For example, given a list of airplane 
configurations for several airports at certain times of 
day and the image of an airport, identify which air- 
port is shown, as well as the planes that are present. In 
such applications, the images are typically composed 
of objects that are segmented using low-level image 
processing techniques. The objects may be planes on 
an airport runway, tanks on a battlefield, or words 
on a document, for example. The objects can be rec- 
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ognized in a hierarchical fashion in which each ob- 
ject is assigned a category and then recognized within 
that category. The recognition results are input to the 
image interpretation process. This process combines 
bottom-up recognition results and a topdown list of 
possible interpretations to choose the best interpreta- 
tion for a given image. The problem becomes trivial 
with perfect input, however, such problems are rare. 

There are inherent uncertainties in image intecpre 
tation. First, an incomplete image may be input. That 
is, the image may not contain enough information to 
make an interpretation. This would be the case if the 
picture of the airport was taken on a cloudy day and 
the clouds obscured some of the objects. A second 
problem is that intentional errors may be present in 
the image that would make interpretation difficult or 
even impossible. For example, one type of plane may 
be disguised as another type to confuse enemy recon- 
naissance photos. Finally, recognition errors may have 
occurred. In fact, in a hierarchical recognition ap- 
proach, not only is the class of object determined, but 
the specific object within that class is also recognized. 
Recognition errors can occur in either or both of these 
steps. 

Previous methods to resolve uncertainties have in- 
cluded model-based systems that predict the existence 
of objects, evidential combination schemes, such as 
Dempster-Shafer theory [l], and domain dependence 
techniques that simplify the problem by reducing the 
range of possible inputs. ACRONYM is a model based 
vision system that uses models to describe the possible 
objects that might be in the image and compares this 
to the objects found in the image [2]. The model-based 
descriptions can also take the form of constraints. The 
system can then manipulate these to try and match 
objects in the image with the various constraints. The 
SIGMA image understanding system is a model-based 
system that also uses contextual clues to focus its at- 
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tention [3]. Once it develops an interpretation a pass 
is made to resolve any conflicts. PSEIKI is a vision 
system developed for robot self-location [4] that uses 
the Dempster-Shafer formalism to resolve uncertain- 
ties. SPAM is another vision system that uses domain 
dependence as well as confidence values to aid in ob- 
ject labeling [5]. 

It is difficult for any of these methods to fully re- 
solve the three types of uncertainties mentioned ear- 
lier. If an incomplete image is input to a model-based 
vision system, it could need partial models of the un- 
obscured portion of the image to make an interpre- 
tation. It can be difficult for models to compensate 
for intentional errors in the image. Evidence combi- 
nation methods can yield incorrect results if the image 
is incomplete. They also have trouble correcting in- 
tentional errors. They are useful in correcting recogni- 
tion errors, but the requisite probability assignments 
are not always available. Techniques based on domain 
dependence are susceptible to intentional errors in an 
image. In such a case, further object labeling may be 
based on incorrect knowledge, which can lead the en- 
tire interpretation astray. These considerations led us 
to a different formulation of the image interpretation 
problem. 

Constraint satisfaction is an alternative technique 
to resolve uncertainty in image interpretation. This 
paradigm has been applied in other areas, mostly 
theorem proving and truth maintenance systems but 
has not been frequently applied to image interpreta- 
tion. Previous applications of constraint satisfaction 
to scene analysis have concentrated on object label- 
ing and line drawing analysis[6]. The goal of such 
problems is to label a set of objects or lines. satisfac- 
tion paradigm should be used to interpret a complex 
scene after it has been segmented into a number of 
objects and some tentative recognition decisions have 
been made about the objects. It is shown that an in- 
terpretation system based on this approach adequately 
resolves the three uncertainties mentioned earlier. 

The rest of this paper proposes a constraint sat- 
isfaction algorithm that can be used to solve image 
interpretation problems. The application of this a p  
proach to the interpretation of two-dimensional im- 
ages of postal addresses is then described. We then 
give a comparison of experimental results with this 
system and a previous one in the postal domain. 

2 Constraint Satisfaction 

A constraint satisfaction problem(CSP) consists of 
n variables] 2 1  ... z,, each having an associated domain, 

Input: image, list of interpretations 
Segment image into possible objects 
Recognize objects (domain for each variable) 
Sort domains 

Informed-backtrack(variab1es) 
If (no solution) then 

endif 
end while 
Infer values for variables that have been removed or 
are missing 

While (solution not found) 

Failure analysis using max-conflicts heuristic 

Figure 1 : Image Interpretation Algorithm to Resolve 
Uncertainties 

dl ... d,. Each variable can take on any value in its do- 
main but constraints are imposed on the legal combi- 
nations of values that two or more variables can take 
on. A solution to the constraint satisfaction problem 
consists of a set of values for the Xi such that all the 
constraints are simultaneously satisfied. 

Constraint satisfaction can be applied to image in- 
terpretation. Within the image there are a set of ob- 
jects. These objects can be treated as the variables 
in the CSP framework. We also have a finite list of 
possible interpretations for the image. From this list 
we are able to create the domains for the variables as 
well as build the constraint graph that describes the 
legal combinations of values that can be assigned to 
the objects(variab1es). The discovery of a solution to 
the CSP is often performed by a search-like algorithm. 
Techniques such as backtracking] network consistency 
and associated heuristics have been used before[7], [8], 

In our proposed solution, the interpretation is per- 
formed as shown in Figure 1. After the objects have 
been segmented and recognized] the top recognition 
choice is instantiated for each variable. The domains 
for each variable are then sorted in increasing order 
by the number of conflicts each value has with the 
instantiated values of the other variables. A conflict 
between two variables occurs when their values are not 
compatible according to the constraints. If two values 
in a domain have the same number of conflicts] the one 
with the higher recognition confidence is placed first. 
The constraint satisfaction problem is then solved us- 
ing the informed-backtracking algorithm and the min- 
conflicts heuristic [lo]. The min-conflicts heuristic dy- 
namically orders the values in each variable’s domain. 
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If the instantiated values of all the variables satisfy 
all the constraints, then a solution has been found. 
Otherwise, a backtracking routine chooses a variable 
for repair that participates in the most conflicts. This 
repair process consists of re-sorting that variable’s do- 
main in increasing number of conflicts with the instan- 
tiated values of the other variables. The informed- 
backtracking routine then iterates through the sorted 
domain, just like a regular backtracking algorithm, in- 
stantiating its top choice and checking for consistency 
among all instantiated values. 

If the informed-backtracking algorithm fails to find 
a solution to the CSP, the system uses the max- 
conflicts heuristic to  determine the variable(s) that 
caused the failure. The failure inducing variables are 
termed culprits. The max-conflicts heuristic indicates 
the variable(s) that initially had the most conflicts 
among the top recognition choices, after the initial 
domain sortation. The results of the failure analysis 
are either to  delete the culprits or modify their do- 
mains using contextual knowledge derived from the 
informed-backtracking routine. This process of back- 
tracking and failure analysis continues until a solution 
is found or all variables have been modified or deleted. 
Once a consistent set of values is found, the interpre- 
tation is made based on those values. If, in solving 
the problem, some variables were removed or if some 
objects were missing, their values can be inferred from 
the determined solution. 

The constraint satisfaction approach combined 
with failure analysis is able to resolve various uncer- 
tainties in image interpretation. When an incomplete 
image is input to  the system, it is able to  use partial 
information to make an interpretation. Many images 
contain redundant information so the loss of some ob- 
jects will not prevent a correct interpretation from be- 
ing found. If only a partial set of objects are present, 
fully recognizing them provides enough specific infor- 
mation to make a complete interpretation of the im- 
age. For example, if only a few words on a business 
form are unobscured, but we are able to fully recognize 
other words in the image, we could use that informa- 
tion to  infer the identity of the obscured words. That 
is, once a consistent set of values are identified, values 
for the missing objects can be inferred from the avail- 
able information and a complete interpretation can be 
made. 

If intentional errors have been introduced in the im- 
age, failure analysis can remove those variables from 
consideration. If this is the case, it  is most likely that 
the recognition results for these objects will not make 
a legal combination with the choices for other true 

objects. Again, this is due to the type of object recog- 
nition that we propose. Using more specific recogni- 
tion allows a finer level of discrimination and therefore 
makes it more difficult to disguise objects. The pro- 
posed CSP algorithm can identify intentional errors, 
since they should conflict with many of the recogni- 
tion choices for the other objects. Once identified as 
intentional errors, their corresponding variables in the 
CSP can be assigned values based on the recognition 
results for the other variables. 

Finally, recognition errors can be corrected during 
failure analysis by modifying a variable’s domain or 
deleting it and inferring the correct choice later. Even 
though the informed-backtracking algorithm may fail 
to find a solution to the CSP, it can still provide useful 
information as to what a solution may look like. By 
removing it,  the other variables may form a consistent 
solution from which the value for the removed vari- 
able can be inferred. Even if this is not the case, this 
partial solution may limit the number of choices that 
the removed variable can assume. The object can be 
re-recognized with the set of possible choices limited 
to what the partial solution predicts. If a word on a 
business form was misrecognized, but the other words 
around it were correctly recognized, and those recogni- 
tion choices form a consistent solution, they limit the 
choices for the other word. Thus, contextual knowl- 
edge from the image can be used to improve recogni- 
tion results. 

3 Postal Image Interpretation 

The goal of postal image interpretation is, given an 
image of an address, identify the nine-digit ZIP Code 
that matches the address, even though the address 
does not contain a nine-digit ZIP Code. The finite list 
of possible interpretations for this problem is given in 
the form of a database of ninedigit ZIP Codes, called 
the ZIP+4 database. The national ZIP+4 database 
consists of 28 million records, each of which corre- 
sponds to a different nine-digit ZIP Code. The idea 
is to isolate a particular ZIP+4 record for a given ad- 
dress. 

This problem can be stated to  fit the previously 
outlined method of image interpretation. The address 
block images consist of words which can be segmented 
using low-level image processing techniques. The seg- 
mented words from the image become the variables in 
the constraint satisfaction formalism. Once the words 
are segmented, our system uses a hierarchical recogni- 
tion process that first identifies the class that the ob- 
ject belongs to and then recognizes the object within 
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that class. We refer to the first level as parsing and to 
the second level as word recognition. The parser uses a 
statistical method to assign a type to each word such 
as ZIP Code or street name [ll]. Figure 2 shows a 
typical machine-printed address block, along with the 
segmented words and their categories attached to the 
upper right of each word. The chart in Figure 3 

Figure 2: Word Segmentation and Parsing Results 

shows a partial listing of the various word category 
abbreviations. 

Abbrev. Meaning 
cw City Word 
sw State Word 
25 ZIP Code 
Z9 ZIP+4 Code 
SN Street Number 
ST Street Word 
ss street suffix 
CI Building Secondary Identifier 
CN Building Secondary Number 
NN Personal Name 
ow Other Word 
FW Firm Word 

Figure 3: Word Category Abbreviations and Meanings 

The various words are then recognized within their 
respective types. That is, city words are recognized 
within a lexicon of city words, street words are rec- 
ognized within a lexicon of street words and so on. 
The lexicons are only constrained by the particular 

application; in this case, city words and street words 
extracted from the ZIP+4 database. A distinction is 
made between words that contain digits (ZIP Codes, 
street numbers, etc.) and words that contain alpha- 
betics (cities, street names, etc.). The first kind are 
input to a digit recognition routine, while the sec- 
ond kind are recognized using a multiple classifier ap- 
proach [12]. Both methods return a ranked list of 
choices for each word. This list of choices becomes 
the domain for the appropriate variable. 

The domains are sorted by 1) the min-conflicts 
heuristic and 2) the recognition confidence. Each vari- 
able is then instantiated with its top choice. The 
informed backtracking procedure then tries to find a 
consistent set of values from the recognition choices for 
all the variables that satisfy the constraints imposed 
by the ZIP+4 database. Figure 4 shows the constraint 
graph provided by the ZIP+4 database. This fully 
connected graph shows how every word in the image 
constrains the choices for every other word. For ex- 
ample, given a particular ZIP Code (z5), only certain 
street suffixes (ss) will be compatible with that ZIP 
Code and there should only be one state (sw) that is 
compatible. These are examples of the binary con- 
straints used in counting conflicts. In addition, this 
graph illustrates the queries that can be made on a 
set of variables to test whether a solution satisfies all 
the constraints. If a solution cannot be found, any 
errors in the image caused by the aforementioned un- 
certainties are resolved by failure analysis. 

The same three types of uncertainties that can oc- 
cur in general purpose image interpretation show up 
in the postal domain as well. Our system is able to 
resolve them using failure analysis. Incomplete im- 
ages can be the result of poor image acquisition, or 
the author of the mailpiece(the patron) not provid- 
ing enough information. The patron can also make an 
error in writing the mailpiece, whether intentional or 
otherwise. They may write "St" instead of "Dr" for 
the su& or accidentally transpose two digits in the 
ZIP Code, for example. Our recognition process may 
have also made errors. Failure analysis is able to  iden- 
tify each of these kinds of errors and make an attempt 
at correcting them. 

The image shown in Figure 5 illustrates the three 
types of uncertainties. In this case, the city name 
has been obscured during the image acquisition pro- 
cess, the patron has made an error in the ZIP Code 
and, due to poor image quality, our recognition system 
failed to correctly recognize the suffix. For this image, 
the correct city name can be inferred if we can use 
the available information to locate the correct ZIP+4 
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Jack Dannel 
Southwest States Bankcard Assoc. 
4555 Beltline W. 
7 ,- :\ : L TX 75001 - * 

Figure 5: Address Block Image Containing Uncertainties 

sw 

cw 

SP ss 

Figure 4: ZIP+4 Constraint Graph 

record. The system would use the state name, street 
number and street name to overcome the recognition 
error and the patron error as well as infer the correct 
city name. For example, assume the following vari- 
ables and recognition choices: X1=4555 for the street 
number, X2=Beltline for the street name, X3=Dr,St 
for the street suffix, X4=REJECT for the city name, 
X5=TX,TN for the state name, and X6=75001 for 
the ZIP Code. Each variable is then instantiated with 
its top choice. When informed-backtracking is called 
with these variables and values, it is found that they 
are not consistent so the number of conflicts each vari- 
able is participating in is counted. X4 is left out of this 
since it has no values. This process is done by query- 
ing the ZIP+4 database on the various combinations 
of variables, taken two at a time. For example, the 

street number(X1) whose instantiated value is “4555” 
agrees with the street name and the state name, but 
disagrees with the street suffix(X3) and the ZIP Code. 
What this means is that there is at least one record in 
the ZIP+4 database with a street number of “4555” 
and a street name of ”Beltline”, at least one record 
with a street number of “4555” and a state name of 
“TX”, and that there is no record that has a suffix of 
Dr and a street number of 4555, nor is there one that 
has a ZIP Code of 75001 and a street number of 4555. 

In terms of constraints, “4555” and “Beltline” sat- 
isfy the constraint between the street number and the 
street name, “4555” and “TX” satisfy the constraint 
between the street number and the state name, but 
“4555” and “Dr” do not satisfy the constraint be- 
tween the street number and the street suffix, nor 
does “4555” and “75001” satisfy the constraint be- 
tween the ZIP Code and the street number. Thus the 
street number is participating in 2 conflicts. The same 
process is repeated for the other variables. The chart 
in Figure 6 shows the current values of each variable 
along with the conflicts that exist, designated by as- 
terisks. The street name(X2) is in conflict with the 
street suffix, and the ZIP code, so it has 2 conflicts. 
The street suffix(X3) is in conflict with the street name 
and number, as well as the ZIP Code, so it has 3 con- 
flicts. The state word(X5) agrees with all the other 
variables and the ZIP Code(X6) disagrees with the 
street name, number and suffix so it  has 3 conflicts. 
Therefore the suffix or the ZIP Code would be repaired 
first, since they are both tied with the highest number 
of conflicts. In this case the ZIP Code is chosen for re- 
pair. Since there is only one choice, 75001, it is again 
instantiated. The process of testing a solution and re- 
pairing a variable continues until a solution is found 
or the informed-backtracking returns without finding 
one. The latter happens in this example due to  the 
errors on the address block. 

Since no solution was found, failure analysis looks 
at the ZIP Code and the suffix because they had the 
most initial conflicts. Both of these are removed and 
the informed-backtracking is repeated, this time with 
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Figure 6: Instantiated values and their Conflicts 

only the street number, street name and state name. 
In this second trial, the top choices for these three 
variables combine to form a consistent solution. From 
this we are able to resolve the various uncertainties in 
this image. The city word(X4) can be inferred from 
the partial solution as "Addison" since there is only 
one city in Texas with a street name of Beltline and a 
street number of 4555. Thus, we are able to interpret 
the image even though some information was missing. 
The ZIP Code can also be inferred from the partial s e  
lution as "75244", so we have corrected the error made 
by the patron. Finally, we can constrain the choices 
for the su& using the partial solution. In this case, 
there is only one choice, "Rd", so we have corrected 
our own recognition error. The final interpretation 
for this address is: 4555 Beltline Rd., Addison, Texas 
752442416. The key point here is the additional four 
digits. These along with the ZIP Code constitute an 
interpretation for this address. 

4 Experimental Results 

This section compares the performance of our sys- 
tem to an optical character reader (OCR) of the type 
currently used in over 100 Post Offices in the United 
States. The input for this test consisted of 1013 ad- 
dress block images. These images were biased towards 
poor quality and difficulty in interpretation by a hu- 
man. The poor image quality led to uncertainties of 
the first kind, incomplete images. In addition, many 
of the images contained what were called intentional 
errors earlier. These are incomplete addresses or ad- 
dresses that contain conflicting information, such as a 
ZIP Code that does not match the city name. 

Also, while our word recognition results are encour- 
aging, errors were made there as well. The correct 
interpretation for each image was chosen by a human 
operator. These were used in grading the performance 

of the two systems. 
Of the 1013 images, the OCR was able to encode 

16% to nine digits with an 11% error rate. Our system 
was able to encode 44% to nine digits with a 13% error 
rate. In postal image interpretation, the nine-digit en- 
coding is the best level of interpretation, but not the 
only correct one. It is also correct to encode only to 
the five-digit ZIP Code. In such a case the specific 
ZIP+4 record cannot be determined, but there exists 
enough contextual knowledge on the mailpiece to de- 
velop an interpretation for the five-digit ZIP Code. 
The OCR was able to encode 62% of the images to 
at least five digits with a 17% error rate. Our system 
encoded 83% to at least five digits with only a 14% 
error rate. 

5 Conclusions 

This paper presented a new approach to resolving 
the uncertainties found in image interpretation. In- 
complete images, intentional errors, and recognition 
errors make image interpretation a challenging prob- 
lem. Previous methods were found to be incomplete 
in resolving these uncertainties. Model-based sys- 
tems cannot fully cope with incomplete images or in- 
tentional errors in an image. Evidence combination 
strategies can also be confused by intentional errors 
and the necessary probability assignments are not al- 
ways available. Domain dependence can aid in object 
labeling, but is dangerous if the objects have been dis- 
guised or even mis-recognized. 

We proposed a new method for dealing with these 
uncertainties which combines the constraint satisfac- 
tion paradigm and failure analysis on the results of 
informed-backtracking. By formulating the problem 
in this way, we are able to generate partial solutions 
and infer the missing information, leave out objects 
from the image and infer values for them later, and, 
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also, overcome errors in object recognition. 
This new approach has been applied in the area 

of postal image interpretation. The experimental re- 
sults are encouraging and demonstrate an improve- 
ment over a previous system used in this domain. The 
technique is general enough, however, to be applicable 
to other areas of image interpretation. 
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