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Abstract An algorithm for the detection of proper nouns in document images printed in mixed upper and 
lower case is presented. Analysis of graphical features of words in a running text is performed to determine 
words that are likely to be names of specific persons, places, or objects (i.e. proper nouns). This algorithm 
is a useful addition to contextual post-processing (CPP) or whole word recognition techniques where word 
images are matched to entries in a dictionary. Due to the difficulty of creating a comprehensive list of proper 
nouns, a methodology of locating such words prior to recognition will allow for the use of specialized 
recognition strategies for those words only. Experimental results demonstrate that about 90% of all 
occurrences of proper nouns were located and over 97% of the unique proper nouns in a document were 
found using this algorithm. 

Proper noun detection Character recognition Word recognition 
Capitalized word detection Nearest neighbor classifier 

Feature extraction 

I. INTRODUCTION 

The location and recognition of proper nouns in a 
document image is an important part of any text recog- 
nition algorithm. Proper nouns provide the names 
of people, places, and specific objects. As such, much 
specialized information is conveyed by these words 
and their recognition is thus an essential part of under- 
standing the message conveyed by the document. 

A problem with the recognition of proper nouns is 
that it may be costly (in run-time) to utilize a contextual 
post-processing (CPP) algorithm I1) in which character 
recognition decisions are matched to the most similar 
word in a dictionary. This is because of the large 
number  of entries in a comprehensive list of proper 
nouns. For  example, over 500,000 surnames have been 
identified as being used in the United States.~ The 
run-time of a C P P  algorithm on such a list may be 
prohibitive, especially if there is no information avail- 
able to distinguish proper nouns and every word had 
to be post-processed vs. that dictionary. 

Such a large dictionary would also provide a signifi- 
cant impediment to the use of whole word recognition 
algorithms. (2'3) These methods compensate for image 
noise by recognizing whole words as units. An input 
word image is matched to a dictionary and a ranking 
of the most visually similar words is produced. The 
segmentation of a word into characters before recog- 
nition is not  required. This strategy has been shown 
to provide a significant improvement in recognition 
performance in noisy images. 14) 

This paper proposes a solution to proper noun recog- 
nit ion in which the word images found by a document 

t Author to whom all correspondence should be addressed. 
$ Derived from the United States Postal Service file of 

forwarding addresses. 

segmentation algorithm (such as that proposed by 
Baird Isl) are filtered to locate potential proper nouns. 
Features are calculated from each word image as well 
as the words before and after it. This feature vector is 
classified to determine whether the word in question 
is a proper noun. The success of the proposed method- 
ology is determined by how well proper nouns are 
distinguished from other words. 

The word images identified as proper nouns by this 
procedure could then either be recognized by a charac- 
ter or word recognition algorithm. A large dictionary 
would thus be used for only a small proport ion of the 
word images in a document. When a proper noun  is 
recognized that does not  occur in the dictionary, the 
character recognition decisions alone could be output. 
This would be a necessary alternative strategy because 
of the difficulty of maintaining a comprehensive list of 
proper nouns. 

The rest of this paper presents a proper noun location 
algorithm. The background for the algorithm is first 
discussed, including various statistical characteristics 
of the features that are used. An algorithm for proper 
noun  location based on extracting those features is 
then presented. This is followed by a discussion of 
experimental results that demonstrate the performance 
of the proposed technique. The paper is concluded 
with a summary and discussion of future directions. 

2. ALGORITHM BACKGROUND 

To identify the features that distinguish proper nouns 
from other words, a statistical study was conducted of 
a large body of text known as the Brown Corpus. ~6) 
The Brown Corpus is composed of over one million 
words of running text divided into 500 samples of 
about  2000 words each. The 500 samples were selected 
from 15 subject categories or genres. Each word is 
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annotated with an indication whether it was capitalized 
in the source document.  The original punctuat ion was 
also retained. A part-of-speech (POS) tag was also 
assigned to each word that indicates the grammatical  
function of that word in the original passage of text. 

The usefulness of seven features in distinguishing 
proper  nouns was measured on the Brown Corpus. 
The following discussion summarizes the results of this 
investigation. The objective of this analysis was to 
determine a feature set that could be measured reliably 
from the image of a document  without requiring a 
word to be recognized first. 

Capitalization. 99.5~o of all proper nouns are capi- 
talized. Hence, for practical purposes we can assume 
that all proper  nouns are capitalized. Of  the capitalized 
words, 35~o are proper nouns. Also, approximately 
64~o of the time, at least one word in a group of 
sequential capitalized words was a proper noun. F rom 
this analysis it was concluded that the identification of 
capitalized words is an essential feature for proper  
noun location. 

Location in a sentence. 45~o of the capitalized words 
occur at the beginning of a sentence. Of  these, only 8~o 
are proper nouns. This is only 10~o of all proper nouns. 
Thus, finding a capitalized word at the beginning of a 
sentence implies a 92~o probabili ty that it is not a 
proper  noun. 

Length of words. The average length of a proper 
noun is six characters as compared to five for capitalized 
non-proper nouns. The percentage of capitalized words 
of a particular length that are proper nouns are given 
in Table 1. It is seen that more than 50~o of the words 
of lengths six, seven, and eight are proper nouns while 
very few of the short words with less than four charac- 
ters are proper nouns. 

Length of the previous word. The probability that a 
proper  noun occurs among the capitalized words that 
follows words of a particular length is also given in 
Table I. It is noteworthy that almost 70~o of the capi- 
talized words that follow a word of length two are 
proper nouns while 85~o of the capitalized words that 
follow a word of length one are not  proper nouns. 

Length of the following word. The probability that a 
proper  noun occurs among the capitalized words that 
precede words of particular lengths is shown in Table 1. 

Table 2. Percentages of proper nouns among capitalized 
words before and after words with the indicated gramma- 

tical tag 

Grammatical ~o proper nouns ~ proper nouns 
tag before after 

Noun 22.2 39.0 
Adjective 15.9 37.9 
Article 6.5 36.0 
Preposition 29.3 70.3 
Adverb 22.4 50.9 
Verb 34.7 56.8 

It can be seen that while about  54~o of the capitalized 
words that occur prior to words of length one are 
proper nouns, almost 70~  of capitalized words that 
occur prior to words of length more than two are not 
proper  nouns. 

Syntactic category of the previous word. The prob- 
ability that a proper noun occurs among the capitalized 
words that follow words of particular syntactic cat- 
egories is presented in Table 2. It can be seen that while 
about 70~o of the capitalized words that follow a pre- 
position are proper nouns, more than 60~  of the capi- 
talized words that follow common nouns and adjectives 
are not proper nouns. 

Syntactic category of the following word. The prob- 
ability that a proper noun occurs among the capitalized 
words that precede words of particular syntactic cat- 
egories is also given in Table 2. It is apparent that only 
a few capitalized words that occur before nouns, adjec- 
tives, articles, prepositions, and adverbs are proper 
nouns. 

3. ALGORITHM STATEMENT 

Based on the statistical analysis of features presented 
in the previous section, an algorithm consisting of the 
following two steps was designed: (1) capitalized word 
detection; (2) proper noun classification. The detection 
of capitalized words is a separate step in the algorithm 
because of its importance, i.e. over 99~o of proper 
nouns are capitalized and capitalized words account 
for about  10~o of an overall text. Thus, the number of 

Table 1. Proper nouns and word lengths 

Length 
of the 
word 

of PNs 
in such 

cap. words 

~o of PNs 
among 

succeeding 
cap. words 

~o of PNs Length 
among prior of the 
cap. words word 

~o of PNs 
in such 

cap. words 

of PNs 
among 

succeeding 
cap. words 

~o PNs 
among prior 
cap. words 

1 5.6 15.4 54.2 8 52.3 36.4 34.0 
2 11.8 69.1 31.3 9 49.9 47.9 32.2 
3 14.5 50.5 30.0 10 46.7 32.0 31.0 
4 34.7 64.6 27.6 11 39.9 37.9 26.4 
5 43.4 52.7 30.4 12 38.8 27.8 24.6 
6 56.9 48.8 35.2 13 41.7 36.0 25.0 
7 53.0 52.6 34.8 14 25.0 30.2 26.9 
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word "tokens" that need to be examined is reduced by 
about 90~ by first locating words whose first letter is 
capitalized. 

3.1. Capitalized word detection 

An objective in the design of the capitalized word 
detection algorithm was to develop a technique that 
did not require accurate character segmentation. This 
was to provide tolerance to image noise. One solution 
would have been to segment and recognize the first 
character of every word and use that result to derive 
a decision. However, this was judged to be unaccept- 
able since it would be sensitive to character segmen- 
tation and recognition performance. Instead, feature 
analysis was preferred that required less specific in- 
formation. 

The detection of capitalized words is performed by 
first locating the baselines (lower, middle, and upper) 
in an input word. A zone at the beginning of each word 
is then located that should contain a large portion of 
the first character. Global features common to many 
capitalized letters and local features common to specific 
capitalized letters are then extracted within this zone. 
The discrimination between capitalized and non- 
capitalized words is performed by a rule-based system. 

upper baseline is the highest point reached by all capi- 
talized letters. The distance between the lower and 
upper baselines is referred to as the cap-heioht, while 
the distance between the lower and middle baselines is 
called the x-height or the middle zone. The area between 
the middle and upper baselines is known as the upper 
zone. An area known as the cap-width is denoted at the 
beginning of the word that approximates the average 
width of a capitalized letter. The cap-width area is used 
for capitalized letter feature extraction. 

Baselines are estimated using a method called projec- 
tion profile analysis. For  a given word image, the 
number of black pixels in each row is represented in a 
histogram (Fig. 1). The middle and lower baselines 
correspond to the rows in the histogram at which 
the maximum row-to-row discontinuity is encountered 
when the histogram is scanned from the top and bottom, 
respectively. The upper baseline is the first row in the 
histogram in which pixels are encountered when look- 
ing from the top. When baselines are estimated using 
isolated words, this method is accurate for long words, 
but is failure-prone for words with fewer than three or 
four characters. Stable estimates of the baselines are 
achieved by calculating the histogram on the image of 
an entire text line. 

3.1.1. Baseline estimation. The lower, middle, and 
upper baselines in a word image are shown in Fig. 1. 
The lower baseline is the line on which all characters 
without descenders rest. The middle baseline is the top 
of all lower case characters without ascenders and the 

3.1.2. Global feature analysis. A word image is first 
checked for the presence of a hole (a hole is defined as 
an area totally enclosed by black pixels) in the upper 
zone within the cap-width (Fig. 2(a)), which is a certain 
indicator that the word is capitalized. Also, if the image 

Capwidth 

zon  I_o" 
Word Image Lower baseline 

Era.. 
Projection Profile 

Fig. 1. Lower, middle and upper baselines. 

image height in cap-width 
hole in upper zone within cep-width equal to cap-height 

(a) (b) 

image height in 
cap-width equal to = 
height of middle-zone 

(c) 

Fig. 2. Examples of global features. 
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height within the cap-width is nearly equal to the cap- 
height (Fig. 2(b)), this indicates the word might be capi- 
talized. If the image height within the cap-width is 
about the height of the middle zone (Fig. 2(c)), this 
indicates the word is lower case. 

If the word image cannot be positively identified as 
capitalized or lower case by the above global features 
(features shown in Fig. 2), then it is checked for multiple 
occurrences of other global features within the cap- 
width that might indicate capitalization. These features 
are: high number of black pixeis in the upper zone, high 
number of black pixels in the upper zone contributing 
to strokes in the northeast-southwest and northwest- 
southeast directions, high number of black pixels in 
the upper and middle zones contributing to strokes in 
the northeast-southwest direction, and the presence of 
a period in the word immediately prior to the word 
being processed. 

Typically, the analysis of global features is sufficient 
to locate the letters B, D, O, P, Q, R, W, X, and Y. The 
other upper case letters are distinguished by the pre- 
sence of letter-specific features. 

3.1.3. Letter-specific feature analysis. If a word image 
does not pass any of the global feature tests, it is 
inspected for the presence of letter-specific features. If 

an image matches any of the letter-specific feature 
tests, it is classified as capitalized. Otherwise, the word 
is classified as non-capitalized. 

This analysis depends on the extraction of several 
features. The slope feature applies to the first black 
pixels encountered when an image is scanned either 
from the left or the top. The slope is estimated by 
measuring the difference between the x coordinates of 
the two boundary pixels found both two rows above 
and below each pixel. Only the sign (positive or negative) 
of the slope is retained (Fig. 3(a)). The detection of 
strokes is performed by analysis of a vertical (for ver- 
tical s t rokes--Fig.  3(b)) or horizontal (for horizontal 
strokes--Fig.  3(c)) projection profile taken over a fixed 
distance. A stroke is present if a minimum of two 
contiguous rows or columns each contain at least a 
number of black pixels that is approximately equal to 
cap-width for rows and cap-height for columns. 

The following letters are detected primarily by anal- 
ysis of the slope feature (A, C, G, S, V, Z). These are 
letters that contain no vertical strokes. The percentage 
of pixels that have either a positive or negative slope 
within a given horizontal area scanned from the left 
or vertical area scanned from the top are computed. 
Table 3 summarizes the feature tests on these measure- 
ments. For example, letter A is located if the number 

(0,0) mdsl 
I (X2, Y-2) 

~ ~tope 
of ¢~xel (x, Y)-- 
from left 

(Xl. 

y-lmis 

Slope - s ign o f  (X2 - X l )  ffi posi t ive 

projecting from top 

 rtst 
cap-width 

Projection Profile Over 
a cap-height 

(a) Co) 

projecting 
from left 

cap-width 
Projection profile over a cap-width 

(c) 

Fig. 3. Slope and stroke estimation. 

Table 3. Slope feature rules 

Letter Proj. Sign Location Proj. Sign Location 

A H + cap-height V - between 1 and 2 cap-widths 
C, G H + top half cap-height H - bottom half cap-height 
S H + top third cap-height H - middle third cap-height 
V H - cap-height 
Z H + cap-height 
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Fig. 4. Decision tree. 
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of pixels projected from the left that have a positive 
slope is nearly equal to the cap-height. Also, the number 
of pixels projected from the top with a negative slope 
that occur between one and two cap-widths from the 
left side of a word should be above a threshold. 

The detection of the following letters depends pri- 
marily on the location of strokes within the image 
(E, F, H, I, J, K, L, M, N, T, U). If a vertical stroke 
about the height ofcap-heioht is found within the first 
cap-width of the image, then the image is tested for 
each of the following letters in turn. The additional 
tests needed for each letter are as shown. Horizontal 
strokes are denoted H-strokes and vertical strokes 
V-strokes. 

E : three H-strokes within the first cap-width; 
F : two H-strokes within the first cap-width; 
H: one H-stroke in middle 40~ and one V-stroke in 

second cap-width; 
I : short H-strokes on top and bottom and nothing at- 

tached to middle 60~ of V-stroke; 
J : V-stroke on the right and nothing attached to middle 

30~ of V-stroke; 
K: percentage of pixels with positive slope projected 

from the top within one cap-width above threshold; 
L : H-stroke on bottom and nothing attached in middle 

60~o of V-stroke; 
M : one V-stroke in second cap-width as well as positive 

and negatively sloped pixels as projected from the 
top; 

N: one V-stroke in second cap-width and negatively 
sloped pixels projected from the top; 

T: one H-stroke in top 10~o of the image and number 
of white pixels to left of V-stroke is low; 

U: one V-stroke in second cap-width and H-stroke in 
bottom 10~o and nothing attached to middle 60yo 
of V-stroke. 

3.2. Proper noun classification 

Once an image is identified as a capitalized word 
and its position within a sentence is determined, a 
feature vector is calculated from the surrounding text. 
Elements of this vector are the number of characters 
in the word, number of characters in the previous word, 
number of characters in the following word, part-of- 
speech (POS) tag of the previous word (e.g. Noun, 
Verb, etc.), POS tag of the following word, whether the 
previous word is capitalized, and whether the following 
word is capitalized. 

The number of characters in a word image can be 
estimated using a combination of connected compo- 
nent and projection profile analyses. ") The POS tags 
of the previous and following words can be identified 
with high accuracy in a word recognition application 
using a hidden Markov modelF ) 

The classification of a feature vector for an unknown 
word is performed with a modified nearest neighbor 
classifier structured as a decision tree. A database of 
prototype feature vectors for use in the classifier was 
built from a large set of capitalized words (100, 000 + ) 

Table 4. Variations in lengths and POS tags for each match- 
ing level 

Level  Previous Current Following POS 
No. length length length tags 

1 0 0 0 exact 
2 1 1 1 exact 
3 1 3 1 exact 
4 2 3 6 any tag 

that were extracted from the Brown Corpus. Each 
vector is labeled as to whether the word associated 
with it is a proper noun. 

Four levels of matching are calculated between an 
input vector and the prototype set by varying the 
distance allowed between the input and a prototype 
for a "match" to occur. The total number of prototype 
vectors that match (N~) and the number that correspond 
to proper nouns (Pi) are calculated for each level i 
(i = 1 . . . . .  4). Table 4 summarizes the parameter vari- 
ations at each level. For example, the entry for level 2 
specifies that matches are counted for prototypes where 
the length of the current, previous, and following words 
vary by at most one but the POS tags of the previous 
and following words match exactly. 

The decision tree (shown in Fig. 4) uses the location 
of the word in a sentence and the Ni and Pi values to 
determine a structured series of tests. Word location is 
a significant determiner of performance because of the 
small number of proper nouns that occur at the begin- 
ning of sentences. The values for the thresholds in the 
tree were determined by inspection of performance on 
a small training set (three articles from the Brown 
Corpus). 

The thresholds at each level are based on the concept 
of the quality and the strength of the match between 
the input vector and the prototype set. When the num- 
ber of prototypes in the training set that match the 
input at each level is low (e.g. Ni < 25), even locating 
a high percentage of prototypes that are proper nouns 
(i.e. the fraction F~ = PJN~ is high) may indicate little 
about whether the input vector represents a proper 
noun. So the number N~ indicates the "quality" of the 
match. The fraction F~ indicates the "strength" of the 
match, so that a higher value for this fraction indicates 
that most of the prototypes that match the input vector 
are proper nouns. 

4. E X P E R I M E N T A L  RESULTS 

4.1. Database 9eneration 

Databases of word images for training the algorithm 
were generated using two software tools. The first is a 
device-independent text formatting and typesetting tool 
called ditroffthat is used to generate postscript images 
of ASCII text in several fonts. The second is an image 
format conversion tool that is used to convert the 
postscript into bit-maps with a specified resolution. 
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Table 5. Performance of the capitalized word detector 

Type of test 

No. of Number ~o correctly ~ of all 
Total No. cap.  ident if ied identified caps 
of words words as caps as caps  located 

Unique words from the 53,024 13,625 15,001 90.83 99.76 
Brown Corpus (generated) 
Randomly selected 717 120 122 95.1 96.67 
magazine article (scanned) 

Table 6. Performance of the proper noun classifier 

No. of Total No. 
Total cap. of proper No. of ~o of No. of ~o °/o of 

Type of No. of words nouns PNs PNs CWs accuracy of CWs 
test images words (CW) ( P N )  ident i f ied identified misclassified prediction misclassified 

Generated with 26,358 3254 
POS tags 
Generated with 26,358 3254 
no POS tags 
Scanned with 717 120 
no POS tags 

1081 973 90.0 113 89.6 3.5 

1081 960 88.8 92 91.3 2.8 

59 52 88.1 9 85.2 7.5 

This process of database generation has the advantage 
that the word images are automatically truthed as they 
are generated. 

4.2. Algorithm performance evaluation 

Evaluation of algorithm performance was done in 
three stages. The strategy was to test the capitalized 
word detector and proper noun classifier independently 
and then to test the combined system. This way the 
contribution of each part of the algorithm to the overall 
performance could be determined. Another variation 
was to use two types of testing data: word images oener- 
ated from the ASCII text of the Brown Corpus (using 
the process mentioned above) and word images seg- 
mented from an existing document. The advantage of 
using generated word images is the availability of a 
wide variety of word types with different letter com- 
binations and fonts. This is especially important for 
testing the capitalized word detector. The word images 
from an existing document provide a more realistic test 
of the entire algorithm as it would be used in a text 
recognition system. 

The generated data were used to develop the par- 
ameters of the algorithm. The word images segmented 
from a magazine articlel- were used as an independent 
test set, separate from all training processes. Thus, 
results derived from this test set validate the perform- 
ance of the algorithm. 

4.2.1. Performance of the capitalized word detector. 
Results of testing the capitalized word detector on the 

t Memoirs: Andrei Sakharov, "The Poisonous Legacy of 
Trofim Lysenko", page 61, Time, 14 May 1990. 

full set of unique words from the Brown Corpus are 
presented in the first row of Table 5. Overall, there are 
53,024 unique words in the Corpus, of which 13,625 
are capitalized. The main group of misclassified words 
was numerals (8.75~o of all words classified capitalized). 
The percentage of words that are numerals in this test 
set over-represent the occurrence of numerals in the 
running text. Thus, the 8.75~ of words misclassified 
will not cause a significant problem in processing a 
running text. Numerals present special problems by 
having a significant number of pixels present in the 
upper left corner of their images, thus leading to mis- 
classification as capitalized words. One way to get 
around this would be to include numeral recognition 
as a part of the capitalized word detector, so num- 
erals can be successfully separated from capitalized 
words. This set of experiments was performed with 
images generated in a 10-point Times-Roman font. 
Other experiments, not discussed here, were also con- 
ducted with various fonts and point sizes that provided 
similar results. 

Results of testing the capitalized word detector on 
the 717 word images from the scanned document are 
presented in the second row of Table 5. One type of 
problem encountered here was the presence of a dif- 
ferent font within the article. Three of the capitalized 
words missed by the detector were in a different font 
than the rest of the article. Among misclassified non- 
capitalized words were three words that were numerals. 
Altogether, only four out of the 120 capitalized words 
(3.3~o) were not found. 

4.2.2. Performance of the proper noun classifier. Re- 
sults of testing the proper noun classifier on words 
generated from 13 randomly selected articles from the 
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The Poisonous Legacy of Trofim Lysenko 
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Fine. We won [ lake ~4¢t ion now, but 
we II watch now he oehaves." 

How d=d LvsenKo amd his san.~ 
mamlam their positions th f'ouIt~l the 
K h ~  era. wnen It W;IL~ nO 
ton le r  • simple miner  of ~ n  8 the 
la~l~ of denun~auon a~d OSeUOO 
phJk~m)~v that had served them so 
v/ell in me [9$0s and 194~? Ly~¢n- 
ko was aNnws reld~ with i n¢'w idea 
Ihat promised the sots ot quid[ hx 
,~or Soviet a etlc~orure that Khnl- 
~hchev iound irresistible. IAnd  

• shen Ihal A:|l through. L),,enl¢o 
would he RadV with n new. enuaily 
suzeltre Kie=.l E~n  more =mpof 
lant: lhe party a luncultum hereauc. 
racy ~ms fuU of people who =uppo~t. 
ed Lw, enko and bitterly oppmnd 
proper cR)enmen~t as a threat IO 
I heir ~,q~zed ul le n~L¢ 

In June ]964 re_~uiar <J¢CtlOns 
for memhershlp m the a~demy 
~¢m held. The biologlslS had toted 
tO ¢~','lt¢ ,NikoLll Nuzhdm lO full 
memher. Nu,~ldm was o11¢ ol Ly- 
',enko's ClOSeSt a~;sOOaleS, an ac- 
comphcg in his penccuuon of _lieu- 
me sc~ntm~..-~ I re¢~led the 
I r ] ~  of Sovlet SCI11¢tKS Mid =~ 
martw~, my mdilmaaon boded up. 
When N u,~tdm was pla¢~l in noml- 
nation. I Rii~d my hand. I ~lld: 

THE JIOLOGtSTATA COLLECT~ ~E E 4*~t BI  

"The a ~ d e n ~  chener ~els 
very hitdl tl=nd~ln~ for zes members 
with re~¢-~ to bo~ s¢ienul~ merit 
and civic respo~bil i ly. Nuzhdm 
doe~l I',ol salls~v d~  ontnnL He ~ d  
L~¢nko hear the t',~por~4blli~ for 
the shamcml hec~/trdors~ ot Smn- 
~t blOlO~ and of ~enett~ in 0aJllCU- 
lar. ior the 0um~mmabon OI 0seudo- 
scientific views, ior ih¢ deTraaauon 
o( leamm.e and for the defamauon. 
finn~, arrest, e~u  death of ruanv 
~cnuiI1¢ ~ntlgll~L l U~¢ ~ tO VOtu 
~ = aU'.St N U,~lm.. "' 

] 'here was a dea~enth_! SlletlC~ 
followed by =nes o~ "Shame!'*-- but 
aJso by ap~ause m the lnu~er m n  
of me haiL Lw.,e~m ,.-,~,,,-,~ m 
fu~. "Peoo~e like ~ ShOuld 
{'~ locked u 0 aM OUt on thai!" 

(a) 

The physic=st PTotr Kapzt~ 
told me later that Lcomd |]vchcv, 
head of tbe Ceaual Com=mtle='s 
aldatiott l ad  IB Io~p~ l l l  d e l ~ l -  
I1¢1ll i l l d  I ~ O( t h l  a ~  
=y's I ~ = s l i = L  I~1 been ulm~ I~ 
m? speech and wished to take the 
floor. He asked. "Who*s thnt  
speaking?" "T~II'S the fulher Of 
Ihe hydro l~n bomb," ~O l t~ l  re- 
piNed, lh/~'hcv apparenUy deoded 
it would be more polite tu remain 
silent. 

~uzMm's bid to heroine a fuji 
memher of the academy failed. 

l heaNl IMI  my ,qlxe~ a p m l l  
Nuzhthn had ¢nra~-d Kltmshehev 
tO th¢ home Iha, t he ~omped h~l f¢¢1 
• nd ordered Ibe KGn to p the r  c~llno 
;)romzslnlJ matenaJ on me. ~P. i .  
~h~,=v suppo=¢~ ~nd. " R m  Sh- 

ined Io sto 9 the 
h ~ m F n  bomb t~ l .  and 
now he's pok= l  h= ~ 

l~ong."  
Soon aherward, in 

October 1964, Khnl- 
sad~.v mm v~aummll 
by. the Bad~ Sea w ~  he 
• ~II  slll11111~d Io la. t~r- 

udmm. He n~d~ed tu the 
Kzem~ and ~JdJ=d mm 
i1~ mere ~ x ~ e  the Pm- 
~ l im=  ~ in mesa .  
"Whal's ~ J ) |  oll hem?" 
be demmded. ToM that 
the ~ were dis- 
o.=mz~ I~  r=mo~d horn 

G"~zy? rg  have you aJJ antslnd n l h t  
now~." K h ~  pbum~l Rodmn 
MaJinms~. the Defem¢ Minmor. 
- . ~  C o ~  m Chief. I o~der 
~OU tO alT~l the o0nlplraloPs at 
Om:~." MaJ~r lo~  n~pl~'*d thal he 
would can? out the decision ol Ihe 
Cen|raJ C/~lllfltlllee. ~'ladimur Se- 
rn~chlkStl1~'. U14~ KGI ¢]~lirll~lO. 
re~Jsnd I(i help. 

Khn~ch~-~s fall Ind tu the 6rod 

" I~  p m , m ~ y  "dmjx==d" Sea~- 
c'~x Nikofm Dubmm ~ loon clew- 
ed tu d~  academy and mB made d~- 
~ z o r  o( the Imotutc: oJ Gen¢=c= u= 
1966. For ~ ne=z few ~.=rz. Du- 
bthln sent me New Y¢lt 's can:is fe. 
c~dlmg how vlduabl~ my. m t c ~ -  
~on had been. • 

KGB Nuzhd ln  

L y u n k o  KGB 

Kh ru -shchev  

VaJadimir K G B  

Khruuhchev's 

(c) 

Stalin kysenko Mendelian Lev A~-shuler Avraami 

Khrushchev Lysen-ko Soviet ~ ru-shchev Lyserko Lysenko 

Soviet When Nuzhdin He Lysenko Soviet 

Comm~ee's Kapisa l lyehev Nuzhdin's Nuzhdin K ~ s h c h e v  

Blad~ Sea Kremlin Told Khrushchev Rodion 

Dubinin For Du-binin 

( b )  

Za-venyagin Zavenyagin Altshuler's You How Lyser~o 

June Nl,,o ~ Nuzhdin Nuzhdin Ly-senko I 

Nuzhdin Shkh~ov Pytor Kap~s~. Leonid liyichev 

Se-kharov Soon October 1 g64 ~ru-shchev 

MaJinov~'y Commander Matinovsky Se-rnichastny LyseW, o Nikolai 

Fig.  5. P e r f o r m a n c e  o n  t he  s c a n n e d  d o c u m e n t :  (a) p a g e  i m a g e  o f  t he  ar t ic le ;  (b) w o r d s  r e c o g n i z e d  as  p r o p e r  
n o u n s ;  (c) p r o p e r  n o u n s  no t  r e c o g n i z e d .  
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Table 7. Performance of the whole system 

No. of Total No. 
Total cap. of proper No. of % of No. of ~o ~ of 

Type of No. of words nouns PNs PNs CWs accuracy of CWs 
word images words (CW) (PN) identified identified misclassified prediction misclassified 

Generated 6121 945 419 387 92.4 49 88.8 0.8 
Scanned 717 120 59 51 86.4 12 81.0 1.7 

Brown Corpus that were not contained in the training 
data are given in the first and second rows of Table 6. 
This sample of text contained 26,358 words of running 
text. The results of testing on this text both with and 
without the use of POS tags are shown. When POS 
tags are not  used, the criteria of exact POS tag matches 
at levels 1,2, and 3 in Table 4 are ignored. It is apparent 
that performance decreases slightly when POS tags are 
not used in the classification. But still, close to 90% of 
all proper nouns were identified. One observation made 
during testing, al though not apparent from the table, 
is that certain articles deviate significantly from the 
norm (e.g. one article had a list of 10-15 proper nouns 
strung together in one sen tence - - a  list of city names 
occurring in a report format). Reduced performance 
on such articles is expected, since the algorithm is 
based on the statistics of proper noun occurrence in 
normal English text. 

Results of testing the classifier on the scanned word 
images are shown in the third row of Table 6. Again 
the algorithm provided nearly a 90% correct rate. This 
is important  because the database of prototype vectors 
used in the nearest neighbor classifier was built from 
the Brown Corpus and the classifier may be biased in 
some way towards the articles in the Corpus. This test 
demonstrates that the classifier performs as well for a 
randomly selected article as for an article selected from 
the Corpus. 

4.2.3. Performance o f  the whole system. Results of 
testing the combined capitalized word detection and 
proper noun classification system on words generated 
from three randomly selected articles of the Brown 
Corpus as well as the scanned word images are given 
in Table 7. 

The system identified more than 92% of the proper 
nouns among the generated images and more than 
86% of the proper  nouns among the scanned images. 
Shown in Fig. 5 is the image of the magazine article 
and the list of proper  nouns the system located as well 
as the list of proper  nouns it missed. It can be seen that 
among the proper nouns missed by the system, three 
(Nuzdin, Lysenko and Khru-shchev) were recognized 
elsewhere. Another  three (KGB) were in a font different 
from the dominant  font of the article. Only two proper  
nouns (Valadimir, Khrushchev's) were truly missed by 
the system. Thus, the algorithm correctly located nearly 
97% of the unique proper  nouns in the document.  

5. SUMMARY AND CONCLUDING REMARKS 

An algorithm was presented that locates proper 
nouns in a document image by analyzing various fea- 
tures of words in a running text. The algorithm has 
two stages: capitalized word detection and proper noun 
classification. It was shown that the graphical contexts 
of word images were helpful in capitalized word de- 
tection, while the context in which these capitalized 
words occur was important  for proper noun classifi- 
cation. Overall, the algorithm located over 90~o of all 
occurrences of proper nouns and 97% of all the unique 
proper nouns within a test document. 

Future work on this topic should include more exten- 
sive testing of the algorithm. Also, the algorithm should 
be extended to recognize numerals and the use of 
classifiers that are easily retrained such as a classifi- 
cation and regression tree (CART) ~s~ or a neural net- 
work should be considered. Finally, this algorithm 
should be integrated with other language level analysis 
methods for document images. 
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