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Abstract mail sorting and check processing. In addition, these do-
mains usually provide good quality images, while the qual-

Libraries and other institutions are interested in provid- ity of historical documents is often significantly degraded
ing access to scanned versions of their large collections due to faded ink, stained paper, and other adverse factors
of handwritten historical manuscripts on electronic media. (see Figurel). Consequently, traditional Optical Charac-
Convenient access to a collection requires an index, whichter Recognition (OCR) techniques that usually recognize
is manually created at great labour and expense. Since cur-words character-by-character, fail when applied to histori-
rent handwriting recognizers do not perform well on histor- cal manuscripts.
ical documents, a technique called word spotting has been
developed: clusters with occurrences of the same word in
a collection are established using image matching. By an-
notating “interesting” clusters, an index can be built auto-

matically. lar. For such collections, th&ord spottingdea ] provides

We present an algorithm for matching handwritten words . . -
. : S . an alternative approach to index generation: first, each page
in noisy historical documents. The segmented word images

. . in the document collection is segmented into words, and the
are preprocessed to create _sets of 1-d.|m(.an3|onal Teaturesdifferent instances of a word are clustered together using
Wrzlscsnatlr:xth:rri]rrfgr:?glarfsdu::zlgg S/?llgagirir#ecrgmed\;t:\rzlqufgriimage matching.  Then, a human can tag thenost in-

P P . ; . teresting clusters for indexing with the appropriate ASCII-
the George Washington collection. Our experiments show

. . . equivalent, which could be used to build a partial index for
that this algorithm performs better and is faster than com- : L ;
. . . the analyzed collection. Historical handwritten documents
peting matching techniques.

are often of poor quality and unlike printed documents,
. there is variation in the way the words are written. Thus,
1. Introduction both segmentation of a page into words and the matching of

. . ) ) word images are challenging problems for such documents.
Traditional libraries contain an enormous amount of hand-

written historical documents that they would like to make  Previous work by §] has dealt with the problem of seg-
available electronically on the Internet or on digital media. menting such images of historical documents. In this work,
However, such large collections can only be accessed effi-we present a word matching algorithm that compares word
ciently if a searchable or browsable index exists, just like images using Dynamic Time Warping (DTW). DTW has
in the back of a book. The current state-of-the-art approachPeen widely used in the speech processing, bio-informatics
to this task is to manually create an index for the collection. and also the online handwriting communities to match 1-D
Since manual indexing is expensive, automation is desirablesignals. Although the matching of word images is in general
in order to reduce costs. a 2-dimensional problem, we recast it as a 1-dimensional
Success iroffline handwriting recognition, where only problem since there is a loose association of image columns
an image of the produced writing is available, has been lim- With the time that they were written over. By carefully pre-

ited to domains with small vocabularies, such as automaticProcessing the image we try to minimize the variations in
the other dimension. We then extract a number of features
*This work was supported in part by the Center for Intelligent Informa- from each image column and match the resulting feature se-

tion Retrieval and in part by th_e _Natlor_lal _Smence Foundat!on under grantquences with the DTW algorithm. DTW can handle local
number 11S-9909073. Any opinions, findings and conclusions or recom-

mendations expressed in this material are the author(s) and do not necesdistortions in word images and i? not restricted to a single
sarily reflect those of the sponsor. global transform. We compare this approach to a number of

For collections of handwritten manuscripts written by a
single author (or a few authors) — for example the George
Washington collection used in this paper — the images of
multiple instances of the same word are likely to look simi-




other techniques, including affine-corrected Euclidean Dis- these results that the best result for any individual word tem-
tance Mapping, the shape context algorithm, and correlationplate has a precision of 0.4 or less. No statistical results for
using sum of squared differences. Our results show that thea set of word templates are provided (presumably because
algorithm proposed here outperforms the other techniqueshis line-based approach is too expensive to run).
both in terms of accuracy as well as speed. The shape contexapproach J] for shape matching is

In the following section, we put our work in context with  currently the best classifier for handwritten digits. Two
previous efforts in this direction. Secti@reviews the dy-  shapes are matched by establishing correspondences be-
namic time warping algorithm and introduces our matching tween their outlines. The outlines are sampled shape
technigue. After presenting our results and comparing themcontext histogramsre generated for each sample point:

to other word image matching methods in secipwe con- each histogram describes the distribution of sample points

clude with an outlook on further research. in the shape with respect to the sample point at which it
is generated. Points with similar histograms are deemed

1.1. Previous Work correspondences and a warping transform between the two

shapes is calculated and performed. The matching cost is
determined from the cost associated with the chosen cor-

documents using a pe_rfect transcript (ol_atained manu_ally) iSrespondences. We compare the performance of the shape
addressed. An OCR is used to recognize the word images. ; niext algorithm against our technique in section

and the recognized images are aligned with the transcript.

Good results were only obtained when the recognizer’s lex- :

icon was restricted to the ASCII versions of the line to be 2. MatChmg

recognized (obtained from the perfect transcript). The word Previous researct8] indicates that good matching perfor-

alignment accuracy of just about 83% (on a single page) mance can be achieved by a technique that skews, resizes

shows how challenging the task of word spotting for histor- and aligns two candidate word images with respect to each

ical documents is, even in the presence of a perfect (manuother and then compares them pixel-by-pixel. We use DTW

ally generated) transcript. to match word images, because it offers additional flexibil-
The word spotting idea was proposed by [The authors ity to compensate for handwriting variations.

presented some preliminary work on matching techniques Running a matching algorithm is expensive with grow-

and methods for discarding unlikely matches (“pruning”) ing collection sizes, sgruning techniques which can

based on simple image features. 8, [the previously de-  quickly discard unlikely matches are used. We briefly sum-

scribed techniques were extended and refined. Partial remarize the applied pruning techniques in the next section.

sults on three annotated data sets, each 10 pages, were réhen, we shortly review the Dynamic Time Warping algo-

ported. rithm before going on to explaining its application in our
[4] examine the problem of spotting occurrences of a matching technique.

known template word in each line of several pages. Their

approach is line based unlike the word based approach use@ 1. Pruning

here. Thus, while our algorithm solves a sequence match-

ing problem, their algorithm solves a very expensive sub- . o L .
gp g y &P images is either dissimilar or likely to match each other.

sequence matching problem. Sinégdo not perform seg- In [5], pruning of word pairs based on the area and aspect

mentation, the word templates are hand generated. In ad- . . . : ;
dition, the technique requires multiple-10) handpicked ratio of their bounding boxes was performed. The idea is to

training samples for each word. We believe this makes their cauire word images, which will later be compared, to have

technique not practical for automation. In contrast, the tem- similarpruning statisticge.g. area of bounding box).

plates proposed here are automatically generated and mul- The authorg of] extended the pruning basgd on area
tiple training samples are not needed. The matching algo-and aspect ratio of word bounding boxes. Their technique

: : . . . I additionally requires two words to have the same number of
rithm proposed in4] is also problematic, since it aligns .

. . descenders (strokes below th@seling, e.g. bottom part of
each feature using a separate dynamic time warp and Comfhe letter 'q)
bines the results heuristically. This means that for the same q)-
word-line pair, each feature may produce a different align- 22 DTW
ment. In this paper on the other hand, we correctly align the <<
entire feature vector simultaneously so as to produce a com-Dynamic Time Warping§] is used to compute a distarice
mon alignment over all feature vectorgl] provide results ~ between two time series. A time series is a list of samples
for 4 hand-picked individual words on the Archives of the — — — . .

. . The baseline is the imaginary line people write on.

Indies - this data set seems to have been scanned from the 2The termgdistanceand matching costire used synonymously in this

originals and is probably of good quality. It appears from work; we do not require the presented distances to obey all metric axioms.

In [10] the problem of spotting word images in historical

Pruning is a way to quickly determine whether a pair of
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Figure 1: Part of a scanned document from the George Washington collection.

taken from a signal, ordered by the time that the respectiveprogramming approach using
samples were obtained.

D(lvj - 1)
A naive approach to calculating a matching distance be-  D(i, j) = min< D(i —1,7) +d(zg,y:). (D)
tween two time series could be to resample one of them and D(i—1,j—-1)

then compare the series sample-by-sample. The drawbac . : . u ”
. . . N he particular choice of recurrence equation and “local
of this method is that it does not produce intuitive results, . . . ) o
distance functiond(-,-) varies with the application. Us-

Iazlisglltjrceozr?ap);e\res samples that might not correspond well (seeIng the given three value®(i,j — 1), D(i — 1, 7) and

D(i — 1,7 — 1) in the calculation ofD(¢, j) realizes do-
cal continuity constraint(cf. Figure 3(a)), which ensures

smooth time warping (e.g. no samples left out in warping).
D(i,i-1)

samples samples

(a) naive alignment after resampling, (b) alignment with DTW.

Figure 2: Different alignments of two similar time series. D 1) DL

(@) local continuity  (b) global path constraint(= 15

Dynamic Time Warping solves this discrepancy between ~ constraint in our implementation).

intuition and calculated matching distance by recovering
optimal alignments between sample points in the two time
series. The alignment is optimal in the sense that it mini-
mizes a cumulative distance measure consisting of “local”

distances between aligned samples. Fidi{g shows such starting from(M, N) yields the DTWwarping path We

an allg_nment. The_ procedure is Ca”me Warpmgbe- use theSakoe-Chibdand constraintq] to ensure this path
cause it warps the time axes of the two time series in such a

. . _stays close to the diagonal of the matrix which contains the
way that corresponding samples appear at the same Iocatlo%(i j) (see Figure(h)). This way, pathological warpings
on a common time axis. ’ y '

that align a small portion in one sequence to a large por-
The DTW-distance between two time series. ..z, tion in the other are avoided. A more detailed discussion of
andy; ...yn is D(M, N), which we calculate in a dynamic  continuity constraints can be found i8]

Figure 3: Constraints used in the current dynamic time
warping implementation.

Backtracking along the minimum cost index péirsj)



2.3. Matching Words with DTW baseline offset and the skew/slant angles have to be detected

While the slant and skew angle at which a person writes and normalized. All of the column features we describe in
is usually constant for single words, the inter-character andth€ following are normalized to the rangfe.1]. Specific
intra-character spacing is subject to larger variations. DT Pixel intensity values in an image(dimensions: x w) are

offers a more flexible way to compensate for these varia- "€ferred to asl(r, ¢), wherer andc indicate the row and
tions than linear scaling: in the matching algorithm that we €0lumn index of the pixel. Our goal was to choose a variety

propose, image columns are aligned and compared usin f features presented in handwriting recognition literature
DTW. ' e.g. ), such that an approximate reconstruction of a word

To do this, we first have to normalize the slant and TOM its features would be possible.

skew angle of candidate images to compensate for inter- L .

word variations. Then, from each word, four features per 2-9- Projection Profile

image column are extracted and combined into a singleProjection profiles capture the distribution of ink along one
time series of multi-variate samples. That is, for each im- of the two dimensions in a word image. A vertical projec-
age | with heighth and widthw, we extract a time series tion profile is computed by summing the intensity vafues

X(I) =xy ...x%y, Where each in each image column separately:
Xi:(fl(Ivi)va(I?i)af3(17i)af4(15i))T' h
0< fil) <1, k=1234 pp(I,c) = (255 — I(r,c)). ()
— ) —_ b b ) ) - 7‘=1

This makesX (1) a 4-variate vector of lengtlw, where the Due to the variations in quality (e.g. contrast, faded ink)
fr are the four extracted features per image column.
In order to run the DTW algorithm on two time series =
X (I) andY(J) extracted from image$ and.J, we have ‘\' LWO'J\;%L
to define a local distance function that compares the feature

sets at aligned columns. We have chosen to use the square

. . (a) original image: slant/skew/baseline-normalized, cleaned.
of the Euclidean distance:

feature value
o
o

4
d(xi,y;) = Y (ful1,0) = fi(J,5))*. @ Al
=1 00" ‘5’0 100 150‘ 2’00‘/ 2é0 \ 3/60 1;50/ \H;(‘)O / 45‘0
image column

(A |

This penalizes large differences between the extracted fea-
tures more heavily than the Euclidean distance would.
Now the DTW algorithm can be run to determine a warp-
ing path betweerX andY. The lengthK of the warping
path((i1,71),-.., (ix,jx)) biases the determined distance

(b) normalized projection profile.
Figure 4: Original image and projection profile feature.

of the scanned images, different projection profiles do not
K generally vary in the same range. To make them compara-

D(X,Y) = Z d(Xip, Yi)- ) ble, the range of the projection profiles is hormalized to the
1 rangel0..1] which yieldsf; (I, ¢). Figure4 shows an exam-

When comparing a template seri&sto others, shorter se- ple projection profile and the original image it was extracted
’ rom

ries would be favored (i.e. produce smaller costs). For this :
reason, our final matching cost is normalized by the length .
g y g 2.6. Word Profiles

K of the warping path:
Word profiles capture part of the outlining shape of a word.
matchingcos(X,Y) = D(X,Y)/K. (4)  The current word matching algorithm uses upper and lower
) . word profiles: these two features are calculated by going
In the following section, the column features used for along the upper (lower) boundary of a word’s bounding box

matching will be described. and recording for each image column the distance to the
nearest “ink” pixel in that column. The identification of ink

2.4. Features pixels is currently realized using a thresholding technique

The images we operate on are all grayscale with 256 lev-Which we have found to be sufficient for our purposes.

els of intenSity[O‘-255]- Before column features can be ex- 3We invert the pixel intensities, because the result is visually more intu-

tracted from an image, inter-word variations, such as theitive (peaks for pronounced vertical components in the input word image).



Due to a number of factors, such as pressure on the writ- C: 32 images in test set 2, analyzed 8.[
ing instrument and fading ink, some im lumns m . . .
g inst ume ta'd ading ink, some image colu S MY 5. entire test set 2 (3370 images total, 108 do not contain
not contain ink pixels. The occurrence of such gaps is not
: S words').
consistent for multiple instances of the same word. There-
fore, we close these gaps by linearly interpolating betweenThe subsets A and C allow us to test algorithms which
the two closest points where the word profile feature valueswould otherwise take too long to run on the entire dataset.

could be reliably determined. Each page in the two test sets was segmented into words
, using the algorithm described i6][ The algorithm uses
s ] n N A N scale-space techniques to determine word boundaries which
post 1, U v L L are then used to extract single word images. For reasons of
s . ‘ ‘ ‘ ‘ ‘ comparability we used the exact same segmentation results
0 50 100 150 200 250 300 350 400 450 H
image column asin B]

For the matching based on DTW and the shape context
Figure 5: Normalized upper word profile (negative feature run (see below), we normalized the slant and skew of the
value displayed). word images and cleaned the images to remove noise in

the background and parts of other words that reach into the
The featuresf, and f3 can be obtained from the up- bounding box.

per and lower word profiles by normalizing their maximum

range to[0..1]. Figure5 shows an upper word profile fea- Test set|| total #queries #pruned pairs| o
ture, generated from the original in Figutéa). #lotal pairs

A 15 12.71% 90.72%

2.7. Background/Ink Transitions B 2372 13.57% | 71.11%

o . C 32 13.01% 56.49%

So far, the above features represent the distribution of ink D 3262 14.26% 55.05%

in the columns of a word image and the outlining shape of

the word. To capture part of the “inner” structure of a word, Table 1: Effects of pruning for all analyzed data sets.

we chose to record the number of background to ink transi-

tionsnbit(I,c) in an image column as the last feature. The  The total number of word pairs, which would otherwise

range of this feature is normalized with a (conservatively have to be processed by the matching algorithm, was re-

estimated) constant that ensures a rande.af]: duced by applying the pruning techniques described in sec-
Y tion 2.1 Table 1 shows the effects of pruning on the 4

fall, ¢) = nbit(1, ¢) /6. (©) subsets A, B, C and DPruned pairsdenotes the images
With this feature set at hand, we will now demonstrate its left for comparison after pruningttotal pairsis the num-
effectiveness when used within the proposed DTW match-ber of query words in the (partial) test set multiplied by the

ing algorithm (sectior2.3). number of words in the enclosing collection (either 2381
We tried other features, including Gaussian derivatives, or 3370). Recallis the proportion of valid matches that re-
but the above set seemed to work the best. mains in the pruned set (100%=no valid matches discarded).

3. Experimental Results 3.2. Evaluation Method
3.1. Data Sets and Processing Each word in the data sets was tagged with its ASCII equiv-

alent. In case of segmentation errors, a tag corresponding to
all visible characters in the segmented word image was as-

sets of different quality, both 10 pages in size. The first _. . . .

set is of acceptable auality. see Fi ). The second signed. Based on this annotation, relevance judgments were

set is ver depradedq(seeylyzi Lﬁ&)))g-uﬁit@ig 'difficult even produced for the data sets. Two word images were consid-
y deg 9 ?red relevant, if they have the same tags.

for people to read these documents - and it was used to tes To evaluate the word image matching algorithms, we
how badly the algorithms would perform. A number of al- : . . . : .
. used an information retrieval approach: each image in a
gorithms were tested and results are presented on four set o Co . .
ata set is viewed as a query which is used to retrieve sim-

which were constructed as follows: o . . .
ilar images from the entire collection enclosing the data set
A: 15images in test set 1, analyzed 8.[ (e.g. data set A is enclosed in set 1). Matching the query
. . . against other images produces a ranked list of retrieved im-
B: entire test set 1 (2381 images total, 9 do not contain ages, sorted by the matching cost. Usingtiee _eval
words). program, we calculated average precision scdr@dpr all
4These images result from segmentation errors. queries in the sets A through D.

Word matching experiments were conducted on two test
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(b) significantly degraded (set 2).
Figure 6: Document samples of different quality.

3.3. Results For data set A, results for all matching algorithms are
Table2 shows average precision results for all data sets ob-available. EDM and DTW clearly outperform any of the
tained with a range of different matching techniques: other techniques. SC was run with a number of sam-

ple points proportional to the length of the words being
1. XOR[3]: The images are aligned to compensate for matched, with about 100 sample points for a word like
shear and scale changes, and then a difference imagélexandria(see Figure4(a). More sample points would
is computed. Difference pixel count determines cost. probably improve the effectiveness of the technique, but at
the cost of further increasing the matching time (for 100
2. SSDRJ: translates template and candidate image rela- sample points already about 50 seconds, see Bble
tive to each other to find the minimum cost (natch- The DTW algorithm was also run on dataset B (all im-
ing cost) based on the sum of squared differences.  5ges used as templates). The other algorithms were too slow
to realistically run on this dataset. On set B, the average pre-
cision score for DTW is lower than on the smaller enclosed

ing the Scott & I__onguet—nggms algorllthn9]|) be- set A. We attribute this effect to the pruning method, which
tween sample points taken from the outline of the tem- S .
works much better on the smaller set A: while the pruning

ggtnetsagg dc\?vr;?;)deaotligg3%;523?1?;‘:5?;2&2;egzltatepreserves about 91% of the relevant documents for data set

A, it only produces 71% recall on data set B. The lower re-

4. SC [1]: Shape context matching (see sectiof) call on set B (due to the pruning) then results in a lower

average precision score after matching.

5. EDM[3]: Euclidean distance mapping. In the XOR  For the SC, EDM and DTW techniques we compared
image, difference pixels in larger regions are weighted the results on the bad data set C. While the performance of
more heavily, because they are likely to result from SC, EDM and DTW is generally low on this data set, DTW
structural differences between the template and theclearly performs better than SC and EDM. DTW also per-
candidate image, not from noise. forms similarly on the rest of the data set (51.81% average

precision on data set D). This shows that the DTW match-

ing technique is more robust to document degradation than

Kane et al. B] used an evaluation technique that consid- EDM. We would expect the results to be better, if a more

ers each template image as a candidate. Most of the abov&areml pruning was applied: after pruning, the recall per-

matching techniques retrieve the template image at rank l,centages have already dropped to about 56% for sets C and
D (see Tabld). This limits the maximum average precision

which biases the evaluation scores. In order to provide a ; _ , _ _
more accurate picture of the actual matching performance i@t 1S achievable with the matching algorithms.
we have re-calculated the average precision scores for test-
runs that were available to us in ranked-list (i.e. raw) format. | Algor. [ XOR | SSD| SLH [ SC [ EDM | DTW |
The three right-most columns in tableshow the average  [time[s]] 13 | 72 [ 121 [ ~50[ 14 | ~2 |
precision scores of three runs, where each query image was

not considered a matching candidate. The remaining resultsfable 3: Run times for the compared algorithmdvatlab

in the table were calculated using Kane et al.'s evaluation ©n @ 400MHz machine, including normalization, feature ex-
method. traction, and similar processing steps.

3. SLH[3]: recovers an affine warping transform (us-

6. DTW: the matching technique proposed in this work.




Test set/Algorithm] XOR | SSD | SLH | SC | EDM | DTW | SC | EDM | DTW |

A 54.14% | 52.66% | 42.43% | 48.67% | 72.61% | 73.71% | 40.58% | 67.67% | 67.92%
B n/a n/a n/a n/a n/a 65.34% n/a n/a 40.98%
C n/a n/a n/a 48.11% | 49.56% | 58.81% | 9.46% n/a 13.04%
D n/a n/a n/a n/a n/a 51.81% n/a n/a 16.50%

Table 2: Average precision scores on all data sets (results for test set A and B have been corrected, XOR: matching using
difference images, SSD: sum of squared differences technique, SLH: technique by Scott & Longuet-19]g&i@s $hape

context matchingJ], EDM: Euclidean distance mapping, DTW: dynamic time warping matching). The three rightmost
columns show results with the alternate evaluation technique (query images not considered relevant to themselves).

The results show that DTW performs best among the set[2] C.-H.Chen:Lexicon-Driven Word Recognitiorin: Proc. of
of algorithms we tried. Comparing the running times of the the Third Int'l Conf. on Document Analysis and Recognition
investigated algorithms (see Talilpalso clearly shows the 1995, Montgal, Canada, August 14-16, 1995, pp. 919-922.
value of using DTW - it outperforms any of the other tech-
nigues. The DTW implementation used here has not beenl]
optimized. Rewriting the code could probably improve the
performance by a factor of 5 or 10.

S. Kane, A. Lehman and E. Partridgedexing George Wash-
ington’s Handwritten ManuscriptsTechnical Report MM-
34, Center for Intelligent Information Retrieval, University of
Massachusetts Amherst, 2001.

4, Summary and Conclusions [4] A. Kotcz, J. Alspector, M. Augusteijn, R. Carlson and
) ) ) G. V. PopescuA Line-Oriented Approach to Word Spotting
We described an approach to matching words using dy-  in Handwritten Documentsattern Analysis & Applications

namic time warping and showed that this approach produces  3(2000) 153-168.

much better results than a number of other techniques, in-

cluding shape context matching. Specifically, we showed [5] R. Manmatha and W. B. CroftWord Spotting: Indexing
that on a set of ten pages of good quality, the average pre- I—l|andwritt'en Archiveslln: Intelligent Multi-media Informa-
cision was around 65% for the technique based on dynamic ~ tion Retrieval Collection, M. Maybury (ed.), AAAIMIT
time warping. The technique is also much faster than the Press 1997.

other methods that vyere examlr_led. . 6] R.Manmatha and N. SrimaBcale Space Technique for Word
Our future work will focus on improving the accuracy as Segmentation in Handwritten Manuscripks: Proc. 2nd Int'

well as the speed of the techniques used here. Accuracy can  conf. on Scale-Space Theories in Computer Vision, Corfu,

be improved by using better pruning techniques as well as  Greece, September 26-27, 1999, pp. 22-33.

using a larger feature set which discriminates words better

from each other. Speed can be improved by optimizing our [7] H. Sakoe and S. Chibabynamic Programming Optimiza-

|mp|ementat|0n of the dynamlc tlme Warplng algorlthm, as tion for Spoken Word ReCOganIEEE Trans. on Acoustics,

well as looking at related computational techniques to min-  SPeech and Signal Process)(1980) 623-625.

imize the number of possible matches. [8] D. Sankoff and J. B. KruskalTime Warps, String Edits, and

Macromolecules: The Theory and Practice of Sequence Com-
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