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Abstract ¢ In Document Retrievalthe query is made by one page
in the collection and more similar pages are ranked ac-
In this paper we discuss some applications of word im- cording to the estimated text similarity.

age clustering (based on Self Organizing Maps, SOM) for
tasks related to document image retrieval.

Two main applications are discussed: document retrieval
and word retrieval. In document retrieval a document repre- ~ The paper is organized as follows: in Section 2 we de-
sentation based on the vector model is obtained by comput-scribe the use of SOM for word image clustering. In Sec-
ing the occurrences of words belonging to the SOM clus- tion 3 and Section 4 we analyze the document retrieval and
ters in each document. In word retrieval the combination the word retrieval methods, respectively. Finally, some con-
of the SOM clustering with a Principal Component Anal- clusions are drawn in Section 5.
ysis based space reduction allows us to efficiently retrieve

matching words from large documents collections. 2. Self Organizing Maps of word images

e In Word Retrieval we look for occurrences of a user-
defined word in the collection.

The Self Organizing Map (SOM?)) is a special kind of
artificial neural network that is based on competitive learn-
1. Introduction ing algorithms, where the output neurons of the network
compete among themselves. In the Self-Organizing Map

Document Image Retrieval (DIR) aims at finding rele- the neurons are arranged in a two dimensional lattice (fea-
vant documents relying on image features only. Important ture map). Each neuron receives inputs from the input layer
sub-tasks involve the retrieval by layout similarity and the (vectorsink™) and from the other neurons in the map. Dur-
text based retrieval. Digital Libraries are application do- ing the learning the network performs clustering and the
mains where the use of DIR techniques is more and moreneurons are moved in the lattice so as to reflect cluster sim-
appropriate. In this paper we address the text based retrievailarity by means of distances in the map. To each element
by exploring the effectiveness of a SOM-based word im- in the SOM map it is associated one real vector{i) that
age clustering, where words are grouped considering thecan be considered as a prototype of the patterns in the clus-
image similarity. The idea of using this clustering tech- ter.
nique is extended from a previous approach that exploited One advantage of the use of SOM for word clustering is
SOMs for character-like object clusterirg.[The main ad-  the spatial organization of the feature map that is achieved
vantage of character (and word) clustering is the indepen-after the learning process. Basically, more similar clusters
dence with respect to various language and fonts. In partic-are closer than more different ones. Consequently, the dis-
ular the approach seems to be more appropriate for dealtance among prototypes in the output layer of the SOM can
ing with old documents printed with non-standard fonts as be considered as a measure of similarity between words in
well as for dealing with noisy documents (containing words the clusters. This feature will be exploited particularly for
with touching characters). However, one significant restric- word retrieval as discussed in Section 4.
tion of word clustering is the need to compute a new clus-
tering when different documents need to be addressed. Itis Figure 1. Distribution of words for each neuron of the
therefore more appropriate when uniform document collec-
tions (containing several documents with similar features)
need to be stored.

In the proposed approach after a preliminary SOM train-  In our model the SOM is used to build a word image
ing step, two main retrieval strategies are performed: database where the words are grouped in clusters contain-

60x40 SOM related to partition number 4.



ing similar words (from a graphical point of view). Relying 2.2. Modified training algorithm

on this collection it is possible to design tbecument Re-

trieval andWord Retrievabystems. For the SOM training we use th8OMPAK packagé
that implements the standard incremental learning algo-
rithm ([?] page 109). Basically, after each training step the
prototype of each neuron is “moved” in tH&" space so

2.1. Preprocessing as to better represent the words belonging to its cluster and
to its neighborhoods. This is obtained by replacing the pro-
totype with the arithmetic mean of the vectors of the pat-

During the indexing each documentimage is analyzed by terns belonging to the clusters in the neighborhood. In so
means of one layout analysis tool that identifies the text re- doing the code vectors usually do not correspond to “actual
gions and extracts the words by means of an RLSA-basedyords” unless the corresponding words are very homoge-

algorithm. The indexed words are then split into six disjoint neous as in the case of stopwords (e.g. see the word 'une’ in
partitions on the basis of the word aspect-ratio (the ratio be-Figure 3).

tween the word height and width). In this way the words
in each partition have a similar aspect-ratio and clustering
is performed on uniform data. For each partition we com-
pute also the average word width and height, referred to as
normalized dimensiorfer thei-th partition.

Figure 3. Eight prototypes obtained from a SOM map
trained with the standard training algorithm.

One solution to the above mentioned problem relies on
the update of each prototype with the closest training vec-

Neuron 59-6| Neuron 5-12 tor among all the patterns in the neighborhood (instead of
computing the arithmetic mean). This prototype update is

Figure 2. Examples of the contents of two neurons. made after each training epoéland also at the end of the
For each neuron we show the closests words (on the left) training. The update is made by scanning the training set as-
and the farthest words (on the right). sociating each input pattern to the closest prototype; when

all the input patterns have been associated then we replace
the prototype with the closest associated pattern. This solu-
tion provides good results since the final map is uniform and
the prototypes usually represent the most frequent words in

computeq and cons idered to find the right pal’"[ItIOI’l. .NEXt’ the dataset. The prototypes shown in Figure 4 are obtained
the word image is linearly scaled to the normalized dimen- _ . o - :
with the modified training algorithm.

sions, obtaining a vectorial word representation where each
vector item contains the average gray level of the pixels be- )
longing to the corresponding grid cell. The main problemof ~ Figure 4. Some prototypes corresponding to a map
this approach is the high vector size (hundreds of items) that ~ trained with the modified training algorithm.

is reflected into a long training time. However, it should be
remarked that this size is a problem only for the training per-
formed during indexing, but it is not important for the doc-
ument retrieval and the word retrieval.

To have an idea of the trained SOM we report in Fig-  In this section we describe the use of the SOM-based
ure 1 the distribution of words assigned to each neuron. Weword image clustering to perform document retrieval. The
can remark that the words are homogeneously assigned t@roposed strategy starts from well known methods ad-
neurons and that peaks on the corners (a typical problem ofdressed in text-based Information Retrieval.
the SOM training) are not too high. We designed one tool  One well known approach to perform document retrieval
that allows us to display the words corresponding to useris thevector mode(see P], Chapter 2) that is based on a
defined neurons (the words closest to the neuron centroids)vectorial description of the document textual contents. The
By using this tool we verified that it is very unlikely that one vector items are related to the occurrences of index terms,
cluster contains only instances of one unique word (with that usually correspond to words in the document. Vector
the exception of few clusters corresponding to stop words).values are weighted in order to provide more importance to
In general the farthest words are loosely related with those

During the indexing for each word its aspect-ratio is

3. Document Retrieval

closer to the centroid (as an example see Figure 2). To mit-1  The package can be downloaded at:
igate this problem we slightly modified the SOM training http://www.cis.hut.firesearch/som -lvg _pak.shtml
algorithm as described in the following. 2 The epochis a cycle of presentation of the patterns to the network.



most discriminant terms. To this purpose one common ap-3.2. Stopwords
proach relies on the well knowtf-idf weighting scheme.
Basically, index terms that are present in many documents ~Textual information retrieval systems usually address in
of the collection have a lower weight since their presence some specific way the stopwords. When dealing with most
is not discriminant. With théf-idf approach the weight as- Western languages the stopwords are frequently removed
signed to the:-th word in the documenb; is computed by ~ from the index in order to reduce the size of the dictio-
Eg. (1) nary. We extended this process to our approach generating
a graphical model of each stopword by means of 4ifigdL
Wik = fir-lo N 1) package. Afterwards, we represent the word with the ap-
bk = Jik o tog proach described in Section 2 and we remove from the col-

lection the words that are closer to the image of the stop-

where f; ;, is the frequency of thé-th word in D; nor- word than a given threshold.

malized with respect to the maximum word frequency in
D;, N is the total number of documents, ang is the .
number of documents containing theth word. The vec-  3-3- EXperiments
tor model has been designed in order to deal with symboli-
cally encoded documents where the word identification and
grouping (with possible stemming and stopword removal)
is quite straightforward.

The application of SOM-based word clustering to per-
form document retrieval relies on the use of SOM clusters in

The experiments described in this paper are made on two
books (containing 1280 pages) that are part of an encyclo-
pedia of the XIX" Century®. This encyclopedia addresses
machineries and techniques of the industry of the %IX
Century. The images are quite clean and the OCR works

lieu of words in the previous method based ontfie- idf well on these documents. From the document retrieval point

weighting approach. Basically, a document (in our case aof view the relevance of this dataset lies on the homogene-
page) is represented by a vector whose items correspond tbtyt(.)f the cpnt?_?.ts dOf pages in each chapter, so that the eval-
the neurons of the six SOMs obtained for each partition. uation s simpliied.

Each item contains the number of words in the page that are An accurate evaluatlo_n of document retrieval sys?ems IS
requently based on the judgment of relevance provided by

assigned to the corresponding neuron (e.g. the words tha{1 s | lication this iud i i i

are closer to the neuron prototype). Similarly to the vector uman experts. 'n our application this judgment IS not avail-

model we apply the f — idf weighting to this representa- able and we evaluate the system in two ways. First we made
a rough evaluation of the whole data-set by performing sev-

tion. It is worth to remark that even if the combination of | ios f h chapter- th Ul vzed
the partitions provides a large number of neurons, the size®r& queries obr ear:: I(<: apt;:r, etn V\tle cfatrﬁ ully analyze
of the overall vector is smaller than the typical size of a dic- Some queries by checking he contents of the neurons pro-

tionary considered with the vector model (for instance for viding the highest contribution to the similarity.
the well knownReuters 2157&orpus the dictionary con-  3.3.1. Precision-recall plot To roughly evaluate the doc-

tains around 19,000 terms). ument retrieval we made one simple assumption, defining
one page as relevant for a given query if the two pages be-
3.1. Retrieval long to the same chapter. Even if not appropriate for provid-

ing an overall score for the preformance of the document re-
At the end of the indexing each page is represented withtrieval, this approach seems to be suitable to compare differ-
a vector containing occurrences of words corresponding toent strategies and assess the optimal values of some param-
the SOM neurons of the six partitions. A similar vector is eters. The experimental results have been evaluated by tak-
computed from the query page and the similarity of the ing into account one set of query pages for each chapter that
pages in the database in evaluated by comparing the querjrave been selected considering only pages with enough in-
page with each indexed page. The similarity betwg&and formation (thus avoiding pages with few text such as pic-
bis computed by taking into account tiesine of the an-  ture pages).
gle between the two vectors Eq. (2) The precision-recallplots are computed considering the
first 50 pages ranked by the program, computing a correct
Z?:_Ol(ai - b;) answer for the pages belonging to the chapter of the query.
@) The plots reported in Figure 5 are obtained by averaging the
Vi a2 e pos ek . oy seloc
=0 =0 "4 plots computed for 7 queries made by randomly selecting
To obtain a global ranking of the indexed words we com- pages in the corresponding chapter. These plots are aimed
pute the similarity of all the pages with respect to the query

and we sort the pages on the basis of the measure computegl Les Merveilles De I'Industriedownloaded from the web site of the
in Eq. (2). National Library of France

sim(a,b)=




at evaluating the effect of the stopword removal. We can re- method takes into account the main features of SOM clus-
mark that for most chapters the precision-recall plots aretering in order to efficiently address the word retrieval prob-
improved when removing the stopwords. lem, as described in the following. When dealing with large
document collections we can expect to have many occur-
rences of words in each neuron. The search for the words
closest to the query is therefore a challenging problem, due
to the high-dimensionality of data (for instance the words in
partition 4 are encoded with 684 dimensional vectors). Ef-
ficient search in high dimensional vector spaces is still the
subject of active research. When dealing with low dimen-
sional spaces, then the R-tred (and its variants) can be
adopted to reduce the search cost from the linear one. Some
methods (e.g. X-Tree?] or cluster tree P]) have been pro-
posed to search in high dimensional spaces, however these
methods degenerate to the linear complexity when dealing
with spaces having a few dozens of dimensions. We there-

3.3.2. One example queryTo complement the analysis
provided by the precision-recall plots we analyze in the fol-
lowing the results obtained with one query identifying the
most important neurons for each selected page.

The query page (numbet52) belongs to chapter 4
'sodium and potassiungnd contains the description of one
specific machinery with several technical terms (eydin-
der, wheels oven movementcombustion handle heat
worker, rotation). This machinery is used for the production
of sodium and therefore the following words are contained
in the pagesulfate reaction carbonate chaux(lime).

R?“k 'Zj%e osli?é4 zﬂa‘;zgfrzggucer:‘;r‘ggrd:ulfate fore suggest to reduce the search complexity by projecting
' (Carbona?ecoaL Szlpha@ the data in each cluster with Principal Component Analy-
2 446 | 0.1492 | four sis (PCA) and then perform an efficient search in the pro-
3 1007 | 0.1368 ﬁggﬁgemencylindre ouvrier, roues jected space \.Nith an appropriate Sea.rCh algorithm. (e.g. the
(movementcylinder, worker, wheel3 X-tree). Principal Component Analysis (PCA) projeets
4 822 | 0.1348 | - dimensional data onto a lower dimensional subspace in a
2 Egj g-ﬁig similar to 1007 way that is optimal in a sum-squared error sense.
7 | 455 | 0.1309 | ammoniaquesulfate Let us describe the four main steps of the word retrieval
(ammoniasulfate algorithm (sketched also in Fig. 6).

Table 1. Most frequent words in the top ranked pages
of the example query.

1. The query

From the user point of view the queries are made
with a simple text-based interface. Starting from the
ASCII word one word image prototype is produced
with IATEX  software. This word image is then used
similarly to the indexed words: we identify the parti-
tions to be considered, and we scale the word image
according to the average dimensions of the two parti-
tions obtaining a vectorial word representation (Fig. 7).

Among the ranked pages (see Table 1) there are few
pages belonging to chapter 4 (pages 419-480), since in the
query page there are few references to sodium and potas-
sium.

Table 1 reports the most frequent words in the neu-
rons providing the higher contribution to Eq. 2 for the first
ranked pages. Pages 448 and 455 belong to the same chap-
ter as the query page. Page 446 describes a machinery very
similar to to the machineryfour tournants’ addressed in
the query. Likewise, the machineries described at page 1007 Figure 7. From top: prototype generated with L ATeXand
and 1164 are very similar to the query, but are designed to  the two scaled images required for partition 4 and 5, re-
work with other materials. spectively.

4. Word Retrieval 2. Cluster search

In the second step we identify the three SOM clus-
ters closer to the query to restrict the subsequent
search. To this purpose we compare the query with all
the cluster centers.

Figure 6. Main steps in the Word Retrieval

In this section we describe the word retrieval system built
on the basis of the SOM word clustering. Without taking
into account efficiency issues, one simple approach would
rely on the linear comparison of the indexed words with a
query word image. However, this approach is not feasible
when large word databases are considered. The proposed

Since we compare the stored words with a query
generated byAIEX (and due to the presence of noise
in indexed words) it is unlikely that the most similar
indexed words are contained in the closest neuron. To
solve this problem, we take into account the three clos-
est neurons (the number of neurons to retain has been



Figure 5. Comparison of precision-recall plots with (red) and without (green) the stopwords. From left to right: chpater 5, 6,

8, respectively.

obtained after some preliminary tests). On the average
we reduce the number of patterns to be processed by
the subsequent step by a factor 800 (the total number

we can expect the PCA projection approximates the
proximity in then dimensional space thus requiring a
refinement in the next step. In Figure 9 we compare

of neurons is 2400). the rankings obtained in the projected space and in the
original one for the words belonging to two clusters
when looking for the wordromagethat is very rare in
this collection. The cluster (24,18) contains one occur-
rence of the word that is put in the first position in the
R%%* space, but is put in the 10th position®1°. Two
correct words in the other cluster are put in the first po-

sitions in both spaces.

Figure 8. Left to right: the first words in the three clus-
ters closest to the prototype generated for the query al-
cool.

As we can expect some correct words can belong to
some additional clusters and not to the three selected in
this step. This is due to several problems such as differ- Neuron (24,18)
ences between the indexed words and #figdL.gen- R0 ‘ RO
erated query and the presence of words printed with
different fonts. To illustrate the need for the multiple
cluster search we show in Figure 8 the first words in
the three clusters closest to the prototype generated
for the queryalcool. The closest cluster (the leftmost)
contains only a few instances of the walftool, the
second cluster does not contain any occurrence of the 4 Final ranking

word, whereas the last one is the most populated. The previous step allows us to identify the most
similar words in the projected spaces of the three clos-

Neuron (25,19)
RlO ‘ R684

Figure 9. Ranking of the 20 words closest to the query
fromage We show two neurons and the ranking in the
original space ( R%3%) and in the projected one ( R'°).

3. Search in clusters

After obtaining the closest neurons we need to
search among the patterns corresponding to the clus-
ter by means of PCA.

Let us briefly recall the basic approach in Principal

est neurons. In order to merge the three lists and re-
fine the final ranking we compute the distance between
the query word and each word in the three lists in the
original space. It is worth to remark that the computa-

tion in the original space is performed for a small num-
ber of words and therefore it is not problematic from
the computational point of view. In Figure 10 we sum-
marize the final ranking obtained by merging the three
lists for the quernfromage

Component Analysis (e.@], pag 568). The follow-
ing procedure is repeated for each SOM cluster during
indexing in order to build a lower dimensional hyper-
plane for each cluster. We first compute the mean vec-
tor  and then x n covariance matrix of the data in

the cluster. The eigenvectors and eigenvalues afe
computed and the eigenvectors are sorted according to Figure 10. Query fromage left the rankings corre-
decreasing eigenvalue. Let, e, ..., e, be the first

h eigenvectors Xy, As, .. ., A\, are the corresponding
eigenvalues) that can be combined as columns of the
n X h matrix A. At this point it is possible to project
the data in the cluster onto ttteth dimensional sub-
space according to

sponding to the three main clusters; right: the final rank-
ing.

4.1. Experiments

In order to evaluate the word retrieval system we built a
sort of ground-truth by running one commercial OCR on the

After the SOM training, the patterns belonging to dataset previously mentioned. The OCR has high recogni-
each cluster are used to compute the mean vector tion performance on this data-set and can be considered as
and eigenvector matrid and next we project the pat- a reasonable approximation of a human validated ground-
terns in the cluster. truth.

During the search in the three clusters we look for ~ The words to be used as queries have been selected from
thek nearest neighborhoods in the projected space. Aseach partition, with a particular emphasis on longer words.

v = Al(x — p) (3)



Basically, we had two types of query words: rare words
(a few occurrences among the 1280 pages) and frequent

Word OK PR OCR

words (occurring hundreds of times in the data-set). Tables pfsf,ﬁﬂzs 1‘2 fl é%
2 and 3 summarize the results obtained for some of the test lution 5 5 20
words. In these tables OK denotes the number of correct Jos 8 618
words found in the list of the 20 most similar words; PR pre'g?ons 7 5 17
denotes the precision, e.g. the number of subsequent cor- boule 5 5 17
rect words reported at the top of the list; OCR denotes the redable 2 2 15
Savon 10 6 14
number of words reported by the OCR 0 means more intime 11 9 12
than 20 occurrences). For the following words all the first drainage 8 8 12
20 answers are correct on&anada, alcool, peaux, violet, tournesol 11 11
. . . chromate 0 0 11
France, Louis, nombre, cylindre, verre, chaque, lorsqu, ani- grillage 7 7 10
line, volume, soluble, lessive, culture, sulfure, production assemblage 7 6 10
horizon 4 3 10
Marie 2 0 10
Lacroix 1 1 9
Word OK PR OCR lande 5 5 8
provient 17 15 >20 Joseph 4 4 8
femme 19 19 >20 herbes 4 0 8
raison 17 9 >20 Elton 5 4 7
porter 19 17 >20 abattre 2 2 6
terrain 17 17 >20 condiment 2 0 6
baguettes 13 11 >20 japonaise 0 0 6
Bontemps 13 13 >20 fromage 3 3 5
Egypte 13 8 >20 mandarin 0 0 5
chaud 15 1 >20 dosages 4 4 4
outil 15 0 >20 barbare 1 1 4
vive 11 10 >20 chirurgie 1 1 4
vent 11 1 >20 Danemark 1 1 3
large 4 4  >20 kilos 1 1 3
moulage 18 16 >20 Soyer 1 1 3
graines 13 8 >20 Suger 2 2 2
lignes 11 3 >20 fumage 1 1 2
abondance 14 14 >20 vasion 1 1 2
demande 11 8 >20 Lorenzo 1 1 2
enfants 16 15 >20 idiot 1 1 2
incolore 19 15 >20 Buch 2 0 2
bambou 10 10 >20 lagunes 1 1 1
explicaton 10 10 >20 Elliot 1 1 1
proportion 17 17 >20 geoises 0 0 1
bronze 16 15 >20 argentier 0 0 1
Deux 19 15 >20

Table 3. Performance of word retrieval for some rare

Table 2. Performance of word retrieval for some fre-
words.

quent words.

vectors. To this purpose the SOM-based clustering is used
in conjunction with PCA projection of the data in each clus-
. ter.
5. Conclusions Some points will require additional investigations,

) , namely the introduction of more appropriate word dis-
We described a general system for performing documenty,ces a5 well as the use of efficient algorithms to search in

image retrieval by means of a SOM-based word image clus-yq oroiected spaces (e.g. the X-tree algorithm). We are ad-

tering. The aim is to build some tools able to deal with dif- dressing also other datasets more appropriate for the pro-
ferent languages and fonts. posed approach.

The two proposed applications are in the fields of docu-
ment retrieval and word retrieval. In the case of document
retrieval we adapted the vector model replacing the con-
cept of word with the concept of word cluster. Even if this
process has some lack of information, the preliminary re-
sults here reported are encouraging. The proposed approach
for word retrieval addresses the efficiency issues related to
the proximity search of large quantities of high dimensional



