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Abstract

Thispaper describes a complete systemfor reading type-
written lexicon words in noisy images - in this case mu-
seum index cards. The system is conceptually simple, and
straightforward to implement. It involves three stages of
processing. Thefirst stage extracts row-regions fromtheim-
age, where each row is a hypothesized line of text. The next
stage scans an OCR classifier over each row image, creat-
ing a character hypothesis graph in the process. Thisgraph
isthen searched using a priority-queue based algorithm for
the best matches with a set of words (lexicon). Performance
evaluation on a set of museum archive cards indicates com-
petitive accuracy and also reasonable throughput. The pri-
ority queue algorithmis over two hundred times faster than
using flat dynamic programming on these graphs.

1 Introduction

Given the accuracy of current commercia off-the-shelf
OCR packages, one might assume that reading the machine
print in poor quality images, such as those scanned from
museum archive cards, would be a solved problem. This,
however, is not the case. Most commercia systems still
seem to be too brittle to handle difficult cases, though the
state of the art continues to improve.

On the other hand, there are hand-writing recognition
systemd[1, 3, 9, 2] that are designed from the outset to cope
with hard-to-segment images, and like the method we pro-
pose here are based heavily on graph-search agorithms.
The method we propose here is an extreme version of a
graph-based search method, and improves on the one we
reported recently [8] in three ways. we now use an optimal
binarization method for our particular classifier, we don't do
any prior word extraction (which means searching a much
larger graph instead), and we use a priority-queue based
search which significantly improves performance. Our sys-
tem performs extreme over-segmentation in the sense that
it applies the classifier at all possible positionsin the image
(in this case, an extracted row image). Most other systems

consider only alimited number of segmentation points. The
word-match computation is ultimately very similar to the
top-down method of Ishidera et al [4], except that the ap-
proach described here is significantly more efficient. The
| shideramethod has proven to be very accurate for the kinds
of index card images considered in this paper, but for effi-
ciency reasonsisonly sensibly applied to isolated word im-
ages. We expect the method described here to be similarly
accurate, while possessing a big speed advantage.

In this paper we apply our system to reading the year
field on a set of museum archive cards - the same archive as
discussed in [8].

2 System Architecture

The system architecture is depicted in Figure 1. There
are three stages. First, a standard histogram-based ago-
rithm is used to extract row images. Each row image corre-
sponds to a possible line of text. Next, the character clas-
sifier isapplied to all possible positionsin each row-image,
to build a character hypothesis graph for each row. Finally,
the graph for each row is searched to give a best-first list of
all the lexicon words in that row.

Ideally, we would prefer to adopt an even simpler two
stage approach, where the row extraction phase is elimi-
nated (since it is a significant source of error and it also in-
creases the complexity of the system). Thiswould make the
graph larger and more complex to search, however, since
each hypothesis would be indexed by its x, y position, in-
stead of its x position aone.

The character hypothesis graph is created by applying
our character classifier at al possible positions within each
row. The recognition confidence for a given character at a
specified x-position (node) in the graph is taken to be the
maximum for that character over al y positionsin that col-
umn. The graphisnot explicitly created, but built implicitly
during the search procedure given below. Arcs are formed
on demand between a node at position z in the graph to al
nodes within a range of possible character offsets from .
An arc is added for each possible offset, and for each char-
acter hypothesis at position x that exceeds some confidence
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Figure 1. The system architecture.

threshold (or other criteria).

3 The OCR Algorithm: Optimal Threshold
Template Matching

For our OCR method we currently use a nearest neigh-
bour template matching algorithm. Before applying this
kind of recognizer it isusual to binarize the colour or grey-
level imagein order to discard irrelevant variationsin inten-
sity. Image binarization is still an important issue. Fixed
global binarization does not work well for these card im-
ages due to significant variations in background and fore-
ground intensity across the cards. Niblack’s method works
well [10] - and the method of Seeger and Dance [11] would
also be interesting to try, since it has been developed es-
pecialy for document images, but is more complex than
the method we propose here. Our method finds the optimal
threshold for matching each template, can be computed ef-
ficiently (perhaps not quite as efficiently as the other meth-
ods), and has no parametersto set (unlike Niblack’s method,
for example, which has athreshold factor to adjust).

We define a template T' to possess a set of foreground
pixel locations 7'/, and a set of background pixelslocations
T®. The grey level image to match we denote as I, with n
possible grey levels.

We define the grey-level histograms for the foreground
and background sets:

hf = hist(1,T7)

and
hY = hist(I, ")

The hist function creates a histogram as follows. It first
creates the histogram array of size n, with all entriesinitial-
ized to zero. It then loops over al pixel locations specified
in its second argument, and increments the count for the
pixel intensity found at that location in image . The cost of
producing these two histogramsis proportional to the num-
ber of template pixels: |7 U T®|. We denote the ith entry
of ahistogram h as h; i.e. the number of pixelsfoundinthe
corresponding set with agrey-level of 7.

The optimal match (and the threshold at which that
match occurs) can now be found by iterating over the num-
ber of entriesin the histogram (which isequal to the number
of grey levelsin the image).

The match m; at each threshold point ¢ may be calculated
recursively as follows:

mo = bl — h}

m; =mi_1 + (bl —h?) where0 <i <n

We define the un-normalized match m’ as the maximum
of m; over all possiblei:

m' = max(m;) where0 < i <n

Thisis un-normalized since we've only been subtracting
the background pixels. To normalize it we add the num-
ber of background pixels, and divide by the total number of
template pixels. Hence, the normalized match m is defined
as.

m/—|—|Tb‘
m=
| TT| + |T°|

This then gives us a match quality in the range zero to
one. For practical purposes, the worst possible match value
is 0.5, which indicates afifty per cent overlap between tem-
plate foreground and image threshold foreground. A match
of one indicates a perfect match between the template and
the thresholded image. A match of zero indicates a perfect
match between the template and the threshol ded image neg-
ative. In this application, however, we just used the match
value m intherange zero to one as given by the above equa-
tion, since all our type-written images are dark on a light
background.

4 Efficient
search

lexically-constrained  graph

To test the viability of the approach, we initially imple-
mented a dynamic programming algorithm to find the opti-
mal alignment between each lexicon word and the recogni-
tion hypothesis graph. This is often referred to as flat DP
since no hierarchical data structures are involved. We em-
phasize that in this method, the computation is performed
separately for each word in the lexicon. This is clearly

YF]',F.

COMPUTER
SOCIETY

Proceedings of the Seventh International Conference on Document Analysis and Recognition (ICDAR 2003)
0-7695-1960-1/03 $17.00 © 2003 IEEE



wasteful, since it ignores the fact that many words share
common substrings. Thisis the method described in Lucas
et al [8].

The flat DP method described above gave very accurate
results, but took about 5 seconds to search each row-graph
for the possible range of 300 dates. Thisisalready slow, but
for large dictionaries would be worse - since the cost of flat
DPislinear with respect to dictionary size.

To aleviate this we designed a more efficient algorithm
which compiles the dictionary into a prefix tree and uses a
priority queue to perform a best-first search of the recogni-
tion graph. This resulted in a huge speed-up - with most
searches now taking around 20ms. Hence, the approach
now becomes more practical.

The algorithm is a type of Stack Decoding algorithm
[5, 6] that has been developed to efficiently search a lex-
icon of possible words given the character hypotheses in
the recognition graph. Before listing the algorithm in
pseudo-code, we describe the other data structures and ob-
ject classes used.

A CharHypothesisisan element in the recognition graph
that gives its x-position, its character class and its confi-
dence. Wetreat these confidences here asindependent prob-
abilities, and compute the likelihood of a path asthe product
of itsindividual character confidence values.

The PriorityQueueisastandard data structure that offers
ordered access to a set of objects, and is based on a binary
heap. It provides three methods: hasMore() returns true if
the queue is not empty, falseif it is; add() adds an object to
the queue; pop() returns and removes the first item from the
gueue. Note that all items in the queue must be comparable
with each other. The queueis maintained in order of highest
confidence objects (i.e. paths) first.

The trie is a data structure that stores all lexicon words
inaprefix tree[7]. Oursisimplemented using a Hash table
indexed on the next character to store the references to the
next nodes in the trie. Each node has a boolean flag to in-
dicate whether this node represents a complete word. Each
node also holds a reference to the previous node in order
to retrieve the word represented by that node by performing
a back-trace to the root of the trie. Our trie has two meth-
ods of relevance to the wordSearch function: follow(char c)
returns the node reached from the current node by follow-
ing character c. The function next() returns the set of all
characters that can follow the current node in the trie.

The Path class stores the node in the trie reached by this
path, the column in the graph (x-position) that this path
ends at, and the confidence of this path. Path implements
the Comparable interface such that more likely paths are
pushed to the front of the priority queue.

The PathL ut class offers efficient access to the best paths
to each node (column) in the graph. This is implemented
as an array of hashtables. The hashtable for each column
contains a set of paths, indexed on the trie node reached by
the end of the path. This alows us to determine very effi-
ciently whether a newly extended path should be extended

any further. This brings us to the extensionsOf function.
This takes a path, the recognition graph and the pathL ut.
This function gets the set of possible extensions of the trie
node of the path, and considers extending each one. First
the confidence of that character in that position islooked up
in the recognition graph. We allow some spatial variation at
this stage, by looking for charactersin the recognition graph
that lie in the inclusive range of gap = minGap to maxGap
from the current end point of the path. Based on manual ob-
servation of the cards, and some tuning of the algorithm, we
use a minGap of 10 pixels and a maxGap of fifteen pixels.
The decision is made as follows. If pathLut[path.x + gap]
already holds a better (more likely) way of reaching that
trie node at that column in the graph, then there is no need
to extend it further - otherwise it should be. It would aso
be possible to prune paths that fall below some likelihood
threshold, but we don’t do this yet.

PriorityQueue wordSear ch(
RecGraph recG aph ,
Trie words,
int n)

{
/| Declare variabl es
PriorityQueue activeQueue;
PriorityQueue conpl et ed;
Pat hLut pathLut;

/1 initialise
activeQueue = new PriorityQueue();
conpl eted = new PriorityQueue();

pat hLut = new PathLut( recGaph.width );

for each CharHypothesis ch
in recGaph {

Path path = new Pat h(
words. follow ch.char ),
ch.x , ch.p);

activeQueue. add( path );

}

/1 do the search
whil e (activeQueue. hashMore() AND
conpleted.size() <n )
{
Path curPath = activeQueue. pop();
Set extensions =
ext ensi onsOf (
curPath , recG aph, pathLut );
for each Path extended in extensions {
if (extended is conplete) {
conpl et ed. add( extended );
}
activeQueue. add( extended );
}
}

return conpl et ed;

5 Reaults

We evaluated the system on a batch of museum index
cards. One of the main concerns with our previous method
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of reading the words on these cards was in extracting the
year field of the first reference on these cards, so we chose
this particular task for the initial evaluation.

An example card is shown in Figure 2.
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Figure 2. Example index card image.

The year we wish to extract from this image is “1794”
in the row beginning “Fabricius.”. The row extraction algo-
rithm extracts fourteen rows for thisimage - many of them
giving no match for any year. The image extracted for this
row together with the first few retrievals is shown in Fig-
ure 3. The system returns XML data for the results, orga-
nized into rows. An abridged version of the XML output
for thisimagein Figure 2 is shown below:

<Result pat h="images/ Fabrici us.jpg" >
<Row y="11" />
<Row y="73">

<Word w="1801" x="129" p="0.436" />
<Wrd w="1881" x="129" p="0.432" />
<Word w="1891" x="129" p="0.432" />

</ Row>

<Row y="150" />

<Row y="201">
<Word w="1794" x="240" p="0.628" />
<Word w="1794" x="239" p="0.614" />
<Word w="1794" x="241" p="0.592" />

</ Row>
<Row y="229" />

For comparison, aleading commercia system returned the
following for that row:

Pabrioiua., 17% Ent. Syst. 3, 2:289 Tinea

- though we were unable to configure the system to use
our highly restricted lexicon of just 300 possible years, and
while we set the commercia system to ‘ TypeWriter’, our
system had the benefit of templates that were based on sam-
ples from museum cards similar to these ones.

We used this set of 815 images in another experiment
where an alternative method of ours was under test, based
on using various layout rules to extract the year field. This
layout-based system only successfully read the year field in
about 20% of casesin this batch of cards, owing to the dif-
ficulty in extracting the year part of the row. The system

& 10 ms elapsed

Figure 3. An example extracted row together
with its search results where (1794, 240,
0.6628) is the best path.

reported here improves significantly on that. Theresultsare
shown in Table 1. In the table Correct(1) shows the number
of words correct in the first position, Correct(2-11) in po-
sitions 2 through 11 in the n-best list, and so on. Most of
the errors (36) arise where the dates have been written in by
hand instead of type-written. The next most frequent source
of error (11) is in the row extraction, where the algorithm
has cut arow in haf, or missed the year row entirely. Some
of the cards appear to have been scanned poorly, such that
there is a significant slant on the row - enough to upset our
simple row extraction algorithm. In other cases, the hand-
writing above and below the relevant row(s) is dense enough
to confuse the extraction algorithm. While it is possible to
apply various measures to overcome these problems, we be-
lieve a more robust and simpler approach would be to dis-
pense with the row-extraction phase entirely, and just have
a single graph to search for the entire image. In six cases
the OCR failed due to a major change in the type-writer
font. This could be counteracted with a larger selection
of character templates. Finally, the crossed-out images (3)
are a small but interesting source of error. One of theseis
shown in Figure 4. Ideally, we'd like to recognize both the
crossed out year, and the hand-written correction above it,
since both areinteresting sources of information. We are ex-
ploring theideaof extending the optimal-threshold template
matching algorithm to cope with these crossed-out images.
This should be possible because where the pen-lines cross
the type-written ink the image is slightly darker than either
ink alone. Therefore, a multiple non-contiguous threshold
optimizing algorithm could exploit this, and till obtain a
very good match for the underlying type-written character.

1824
Stdgr, 880, Hor,

Figure 4. An example crossed out image.

Note that we get a significant speed-up with the prior-
ity search over flat DP. These are fairly large recognition
graphs, where each graph may contain as many nodes as
the width of the row image (w), and up to (w x ¢ x g) arcs,
where ¢ isthe number of character classesand g isthe num-
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Result n %
Correct(1) 675 | 82.8
Correct(2-10) 69 | 85
Correct(11-21) 15| 1.8
Error(hand-written) | 36 | 4.4
Error (row-extract) 11| 14

Error (diff-font) 6| 07
Error (crossed-out) 3| 04
Total 815 -

Table 1. Results at zero reject rate.

ber of possible inter-character gapsin pixel offsets. For our
experimentsw ~ 700, ¢ = 10 and g = 6 - so there could be
up to about 42,000 arcs in the graph - though most graphs
would have far fewer than this.

Using flat DP to find the best paths for each of the 300
possible lexicon words (the years 1700 to 1999 in this case)
individually takes about five seconds for each row graph.
Using the priority search we cut this to an average of about
twenty milliseconds. Note that with the implementation re-
ported here, the priority queue algorithm does not return
exactly the same results as flat DP, though this did not ap-
pear to affect the measured word recognition accuracy. The
difference lies in a small oversight in our implementation.
We returned the top n complete words found by the search,
but the inaccuracy liesin the fact that these newly extended
words may be less likely than ones which were below their
immediate prefixes on the queue. The solutionisto re-insert
the complete words on the queue, and keep popping the
gueue until the first found n words are removed.

The system is implemented in Java and processes about
10 card images per minute on a 1ghz Athlon PC. The vast
majority of thistimeis spent performing the sliding window
OCR.

On the same set of images a leading commercial OCR
system achieved around 70% accuracy, but was sightly
faster than our system. Note that this comparison could
be considered unfair to the commercial system, since our
method has been tuned to the specific task at hand. How-
ever, it isa comparison that must be made, sinceif the com-
mercial system was more accurate than our task-specific
method, there would be no reason to use our method.

Currently, the system works with raw distances instead
of probabilities. It is straightforward to map the distances
into probabilities (e.g. by using distance histograms), but
we've not yet done this. Doing so should improve the accu-
racy and also provide a sharper distinction between correct
and incorrect words.

6 Conclusions

We have described an approach for searching for lexi-
con words in noisy images. The system works by diding
an OCR classifier over large portions of the image, and in-

volvesno prior segmentation into individual characters. The
current system has been applied to reading year fields on
museum index cards, and results for this are encouraging.
The method is directly applicable to reading al the type-
written text on these cards, and should achieve higher accu-
racy on other fields where the set of legal words is a much
smaller fraction of the set of possible words, compared to
the year field. The approach also has application to read-
ing text in natural scenes, and thisis the subject of ongoing
investigations.
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