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Abstract—Automatic transcription of historical documents
is vital for the creation of digital libraries. In this paper
we propose graph similarity features as a novel descriptor
for handwriting recognition in historical documents based
on Hidden Markov Models. Using a structural graph-based
representation of text images, a sequence of graph similarity
features is extracted by means of dissimilarity embedding with
respect to a set of character prototypes. On the medieval
Parzival data set it is demonstrated that the proposed structural
descriptor significantly outperforms two well-known statistical
reference descriptors for single word recognition.
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I. I NTRODUCTION

Handwriting recognition of scanned or photographed im-
ages is still a widely unsolved problem in pattern recognition
and an active area of research. In particular, the interest in the
recognition of handwritten text in historical documents has
grown strongly in recent years [1]. Automatic recognition
and transcription is needed to make large collections of
historical handwritings amenable to searching and browsing
in digital libraries [2].

The recognition of historical documents is an offline task.
In contrast to online recognition, where time information
about the writing process is available, offline recognitionis
performed solely on text images. Here, a high recognition
accuracy can be achieved for small, specific domains such
as address or bankcheck reading. For unconstrained text
recognition, only few systems exist that are able to cope
with an extensive vocabulary and different writing styles.For
a survey, see [3]. A widely used type of recognizer suited
for this task is Hidden Markov Models (HMM). Examples
of HMM-based recognizers can be found in [4]–[6] for
modern scripts and in [7], [8] for historical documents.
In this paper, we consider the well-known sliding window
approach to HMM-based handwriting recognition that relies
on a sequence of feature vectors extracted by a local window
moving from left to right over the text images. Examples of
this approach can be found in [5], [6], [8].

Considering the two-dimensional nature of handwriting,
it is difficult to capture the inherent two-dimensional in-

formation adequately in a feature vector. For example, no
context information can be exploited within a local window.
In this paper, we propose a novel feature set based on
graph similarity for HMM-based recognition in historical
documents. In contrast to other descriptors proposed in the
literature, e.g., in [5], [6], [9], this novel set of features is
based on a structural representation of text images using
graphs. From such a structural representation we expect
that two-dimensional information is better preserved and
contextual relationships can be more adequately modelled.

Previous works using graphs in handwriting recognition
can be found in the context of single character recognition.
For example, graph-based recognition of Chinese characters
was reported in [10]. Complete text recognition based on
graphs has been attempted for distorted machine printed
documents [11] and online handwriting [12]. In [11], com-
plete text lines are recognized by means of error-tolerant
subgraph isomorphisms from character prototype graphs to
text line graphs. In this segmentation-free approach, graphs
have proven successful to handle both touching and broken
characters.

In contrast to machine printed documents, handwritten
text is more ambiguous and this ambiguity is difficult to
resolve with error-tolerant subgraph isomorphism. Instead,
we propose to extract a sequence of feature vectors from
handwriting graphs and feed these vectors into an HMM for
recognition.

The transformation of graphs into feature vectors is a
challenging problem. A promising direction is given by
spectral decomposition [13]. However, spectral methods are
usually only applicable to unlabeled graphs or labeled graphs
with constrained label alphabets [14]. A more versatile ap-
proach is given by dissimilarity space embedding. Originally
proposed for feature vectors [15], it was recently extended
to graphs [16]. In this approach, a graph is represented by
a feature vector, the components of which represent the
dissimilarity of the graph to a set of prototype graphs.

The proposed graph similarity features rely on the idea of
first transforming the image of a handwritten text into a large
graph. Then local subgraphs are extracted using a sliding
window that moves from left to right over the large graph.



Each local subgraph is compared to a set ofn prototype
graphs (each representing a letter from the alphabet) using
a well-known graph distance measure. This process results
in a vector consisting ofn distance values for each local
subgraph. Finally, the sequence of vectors obtained for the
complete text image is input to an HMM-recognizer.

In an experimental evaluation, we consider the task of
HMM-based single word recognition on the medieval Parzi-
val data set [8]. It is demonstrated that the proposed graph
similarity features significantly outperform two well-known
reference feature sets, namely, the geometrical features pro-
posed by Marti & Bunke in [5] and the pixel count features
proposed by Vinciarelli et al. in [6].

To the knowledge of the authors, the proposed graph sim-
ilarity features are the first attempt to use graph-based repre-
sentation for segmentation-free offline handwriting recogni-
tion. This can be regarded as a step towards overcoming the
limitations of conventional sliding window techniques that
have limitations in adequately capturing two-dimensional
information.

The remainder of this paper is structured as follows. In
Section II, the Parzival dataset and image preprocessing
are discussed. Section III presents the graph-based repre-
sentation of text images from which the graph similarity
features are extracted as described in Section IV. HMM-
based recognition and the reference descriptors are explained
in Section V and the experimental results for single word
recognition are presented in Section VI. Finally, Section VII
draws some conclusions.

II. DATA SET AND PREPROCESSING

The Parzival data set [8] considered in this paper is
based on a digitized medieval manuscript from the 13th
century. It contains the epic poemParzival by Wolfram
von Eschenbach, one of the most significant epics of the
European Middle Ages. The original manuscript is kept in
the Abbey Library of Saint Gall, Switzerland (Cod. 857).
The manuscript is written in the Middle High German lan-
guage with ink on parchment. Although several writers have
contributed to the manuscript, the different writing styles are
very similar. From the 323 folia (sheets), transcriptions are
available for 45 pages. In Figure 1, an extract from a text
column is given.

For HMM-based word recognition using graph similarity
features, skeleton word images are required, i.e., binary
images that represent the text foreground with one pixel wide
medial curves. Because this paper is focused on handwriting
recognition, we assume that all text lines have already been
segmented into isolated words. The skeleton images are
obtained in two steps.

In the first step, normalized binary word images are gen-
erated. Text foreground is retrieved with respect to a global
luminosity threshold from document images that are locally
enhanced by means of a Difference of Gaussian (DoG) edge

Figure 1. Extract from Prazival Cod. 857, page 36.

detection [8]. As proposed in [5], the handwriting images are
normalized in order to cope with different writing styles.
The skew, i.e., the inclination of the text line, is corrected,
vertical scaling is applied with respect to the upper and lower
baseline, and a horizontal scaling operation is performed
using the mean distance of black-white transitions in a text
line. For more details, we refer to [8].

In the second step, a word skeleton image is obtained
by thinning. In this paper, the3 × 3 thinning operator
proposed in [17] is applied. Based on two sub-iterations on
a checkerboard pattern, one pixel wide medial curves are
extracted while preserving connectivity. An implementation
is given by Matlab’sbwmorph function.

III. G RAPH REPRESENTATION

Skeleton word images are represented by graphs based on
keypoints that include endpoints, intersections, and corner
points of circular structures. Not only keypoints, but also
their connections are represented by graph nodes. This
results in graphs without edges. Not using edges has the
advantage that an optimal graph edit distance, which is
used for the extraction of graph similarity features described
in Section IV, can be calculated in polynomial instead of
exponential time. At the same time, if the density of the
nodes is high enough, the essential structural informationis
still preserved, although no edges are present.

To derive a word graph from a word skeleton, a node is
added to the word graph for each skeleton keypoint and is
labelled with its position(x, y) ∈ IR2. Keypoints include
endpoints with one direct neighbor, intersections with more
than two direct neighbors, and the upper left corner point of
circular structures.

After all keypoints have been included in the word
graph, connection points are added. Given a skeleton con-
nection between two keypoints in form of a pixel chain
(x1, y1), . . . , (xm, ym), connection points are inserted at
regular distanceD along that chain. Hereby, the distance



Figure 2. Handwriting graphs of the word “von” forD = 9.0 (left) and
D = 5.0 (right). The text foreground is shown light gray and the skeleton
dark gray. Keypoint nodes are indicated with white circles and connection
point nodes with black circles.

d(i, j) between two chain points(xi, yi) and (xj , yj) with
i < j is given by the sum

d(i, j) =

j−1∑

k=i

||(xk+1, yk+1) − (xk, yk)||

of Euclidean distances along the chain. Depending on the
connection point distanceD, word graphs with different
degrees of exactness or resolution are obtained, as shown
in Figure 2 for the word “von”.

IV. GRAPH SIMILARITY FEATURES

To extract graph similarity features for HMM-based
recognition, a sliding window is moved from left to right
over the word graph. At each window position, graph sim-
ilarity features are computed, which capture the similarity
between the subgraph currently inside the window and all
character prototypes.

For each character, a prototype graph is manually ex-
tracted from template images during the training phase. At
runtime, at each window position, the window subgraph
is transformed into a vectorial description by calculating
the graph edit distance between the window subgraph and
each character prototype graph. The resulting feature vectors
are normalized, using the maximum local distance, and the
vector sequence that results for a complete word image
graph by moving the sliding window in discrete steps
from left to right is input to the HMM-recognizer. In the
following subsections we describe the individual steps of
this processing chain in more detail.

A. Graph Edit Distance

To calculate the dissimilarityd(g1, g2) between two
graphs g1 and g2, representing the subgraph inside the
current position of the window and a character prototype, we
use the graph edit distance [18], a well established method

d(gi,j,pj)

gi,j g pjgi,j

Figure 3. Embedding of the word graph “von” with respect to the character
prototype graph “v” (D=5.0).

for error-tolerant graph matching. The edit distance is given
by the minimum cost of edit operations needed to transform
g1 into g2. Possible edit operations include the insertion,
deletion and substitution of nodes and edges.

Because no edges are used for the proposed graph-based
text representation, only edit operations on the nodes haveto
be considered. We use a constant costC for node insertion
as well as deletion, and the Euclidean distance between two
nodes||(x1, y1) − (x2, y2)|| for node substitution.

Typically, the graph edit distance is calculated with the
A∗ algorithm [18] which performs a tree search with an
exponential time complexity. In the absence of edges, how-
ever, the problem of graph edit distance is reduced to an
assignment problem that can be optimally solved by the
Hungarian algorithm [19] in polynomial time.

B. Transforming Graphs into Feature Vectors

In the training phase, a prototype graph is generated
for each character class. The selection of the prototype
character images is done manually, while the generation
of the prototype graphs from the selected character images
follows exactly the same steps as outlined in Sections II
and III. During runtime, for each character prototype graph
pj with 1 ≤ j ≤ n a sliding windowwj with the same width
as the corresponding character template image is moved over
the word graph from left to right as illustrated in Figure 3
for the character “v” and the word “von”. At each window
center positioni with 1 ≤ i ≤ N , the subgraphgi,j that
is captured by the windowwj is extracted and compared
to the corresponding prototype graphpj . This results in a
sequence of feature vectorsx1, . . . ,xN with

xi = (d(gi,1, p1), . . . , d(gi,n, pn)); 1 ≤ i ≤ N

where d(gi,j , pj) is the graph edit distance between the
subgraphgi,j and the character prototype graphpj .

In contrast to a fixed-size sliding window, different context
widths are considered as shown in Figure 4. At each window
center positioni, the local context subgraphsgi,1, . . . , gi,n

are extracted with respect to the width of the corresponding
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Figure 4. Text graphs, local context subgraphs, and prototype graphs for
the words “Parzival” and “Artus” and the prototypes “i”, “A”, and “D”
(D = 5.0).

prototypesp1, . . . , pn. That is, the feature vectorxi =
(d(gi,1, p1), . . . , d(gi,n, pn)) is given by the local structural
dissimilarity of the text graph at positioni to each prototype
taking different context widths into account.

The choice of prototypes has, of course, a large influence
on the resulting features. In this paper, we follow the
straight-forward approach to manually select one prototype
per character in order to ensure that the structural vocabulary
of the data set is represented in the set of prototypes.
Note, however, that the prototype graphs are not required
to represent characters of the alphabet. We assume that an
unsupervised prototype selection or an artificial prototype
generation could also provide a representative structural
vocabulary for feature extraction.

C. Normalization

The features used by the HMM-recognizer are obtained
from the sequence of dissimilarity features in two normaliza-
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Figure 5. Hidden Markov Models.

tion steps. The first normalization step puts the graph edit
distance into relation with the maximum local graph edit
distance that is given by the cost of deleting all nodes of the
subgraphgi,j and inserting all nodes of the prototype graph
pj . It is given by

s(gi,j , pj) = 1 −
d(gi,j , pj)

C · (|gi,j | + |pj|)

whereC is the node insertion and deletion cost and|g| is the
size of the graphg, i.e., the number of nodes. By subtracting
this relative distance from 1,s(gi,j , pj) becomes, in fact, a
similarity measure that is bounded by0 ≤ s(gi,j , pj) ≤ 1
with s(gi,j , pj) = 1 iff gi,j andpj are isomorphic.

In the second normalization step, the similarity measure
s(gi,j , pj) of the character prototype graphpj is weighted
with respect to all other prototypes using s(gi,j ,pj)∑

n

k=1
s(gi,k,pk)

.

This normalization results in the final graph similarity fea-
tures

ŝ(gi,j , pj) =
s(gi,j , pj)

2

∑n

k=1 s(gi,k, pk)

whose sequencexi = (ŝ(gi,1, p1), . . . , ŝ(gi,n, pn)) for 1 ≤
i ≤ N is input to the HMM-recognizer.

V. HMM-B ASED RECOGNITION

A. Recognition System

The HMM-based recognizer used in this paper is similar
to the one presented in [5]. It is based on character models
with several hidden statess1, . . . , sm arranged in a linear
topology. An illustration of a single character HMM is given
in Figure 5 (top). The statessj with 1 ≤ j ≤ m emit
observable feature vectorsx ∈ IRn with output probabil-
ity distributions psj

(x) given by a mixture of Gaussians.
Starting from the first states1, the model either rests in a
state or changes to the next state with transition probabilities
P (sj , sj) andP (sj , sj+1), respectively.

During training of the recognizer, word HMMs are built
by concatenating single character HMMs as illustrated in
Figure 5 (bottom) for the word “von”. The probability of
a word HMM to emit the observed feature vector sequence



x1, . . . ,xN is then maximized by iteratively adapting the
initial output probability distributionspsj

(x) and the transi-
tion probabilitiesP (sj , sj) andP (sj , sj+1) with the Baum-
Welch algorithm [20].

For single word recognition, each possible word is mod-
eled by an HMM built from the trained character HMMs,
and the most probable word is chosen with the Viterbi
algorithm [20] for an unknown input sequencex1, . . . ,xN .
Because we focus on feature evaluation, a closed vocabulary
is used without a language model, i.e., all word classes
are treated with equal a priori probability. For Baum-Welch
training and Viterbi decoding, the HTK1 implementation is
used.

B. Reference Systems

For HMM-based single word recognition, the proposed
graph similarity features are compared with two feature sets
known from the literature. For both reference descriptors,a
feature vector sequence is extracted with a sliding window
from non-thinned, normalized binary word images.

The first reference system is the column descriptor pro-
posed by Marti & Bunke in [5]. Using a sliding window
width of one pixel, nine geometric features are extracted.
Three global features capture the fraction of black pixels,
the center of gravity, and the second order moment. The
remaining six local features consist of the position of the
upper and lower contour, the gradient of the contours, the
number of black-white transitions, and the fraction of black
pixels between the contours.

The second reference system is the pixel count descriptor
proposed by Vinciarelli et al. in [6]. A sliding window with a
width of 16 pixels is used that is adjusted to the area actually
containing foreground pixels at each window position. The
16-dimensional descriptor is then given by the fraction of
foreground pixels in4 × 4 regular window cells.

VI. EXPERIMENTAL RESULTS

For experimental evaluation, HMM-based single word
recognition is performed on the Parzival data set. The
proposed graph similarity features are compared with the
two reference descriptors of Section V-B. 11,743 word
images are considered that contain 3,177 word classes and
87 characters including special characters that occur only
once or twice in the data set.

A. Setup

First, the word images are divided into three distinct sets
for training, validation, and testing. Half of the words, i.e.,
each other word, is used for training and a quarter of the
words for validation and testing, respectively. For each of
the 74 characters present in the training set, a prototype
graph is extracted from a manually selected template image.
For five characters, two prototypes are chosen because two

1http://htk.eng.cam.ac.uk/

Table I
WORD ACCURACY ON THE TEST SET. ALL IMPROVEMENTS ARE

STATISTICALLY SIGNIFICANT (T-TEST, α = 0.05).

Descriptor Acc. Parameters

Marti & Bunke 88.69 G=7

Vinciarelli 90.49 G=5

Graph Similarity 94.00 D=3.0,C=3.0,G=29

completely different writing styles were observed, resulting
in a set of 79 prototypes. Consequently, the graph similarity
features have a dimension of 79.

Parameters that are optimized with respect to the
validation accuracy include the connection point dis-
tance D ∈ {3.0, 5.0, 7.0, 9.0} for the graph-based rep-
resentation, the node insertion and deletion costC ∈
{0.4D, 0.6D, . . . , 1.4D} for graph similarity feature ex-
traction, and the number of Gaussian mixturesG ∈
{1, 2, . . . , 30} for HMM-based recognition. An optimized
number of HMM states for the Parzival characters is adopted
from previous work [8].

B. Results and Discussion

The word recognition accuracy on the test set and the op-
timal parameter values are given in Table I for the proposed
graph similarity features and both reference descriptors.
The reference systems are significantly outperformed on the
Parzival data set.

The parametersD andC of the graph similarity features
had a significant impact on the validation accuracy. The
optimal choice was given by the most dense connection
point distance ofD = 3.0 and the same node insertion
and deletion costC = 1.0D = 3.0. We interpret the high
optimal number of Gaussian mixturesG = 29 found for
graph similarity features as an indicator for a good overall
feature quality, because the HMMs could be closely adapted
to the training set without suffering from overfitting.

The feature normalization discussed in Section IV-C has
proven to be very important. A test accuracy of only84.19
is reported for the plain graph edit distance features. For the
unnormalized similarity features, a test accuracy of90.60
is reported. Both results are significantly below the result
achieved with the normalized graph similarity features.

Although the accuracy of the reference descriptors is
significantly worse, their effectiveness is still appealing in
terms of computational speed. The graph similarity features
rely on a sliding window for each character prototype and are
extracted inO((n + m)3) time with respect to the number
of subgraph nodesn and the number of prototype graph
nodesm. The reference descriptors, on the other hand, are
extracted by a single sliding window in onlyO(w · h) time
with respect to the window widthw and heighth.



VII. C ONCLUSIONS

In this paper, graph similarity features are proposed as a
novel descriptor for HMM-based handwriting recognition in
historical documents. They are extracted from a graph-based
representation of text images. For HMM-based recognition,
the handwriting graphs are transformed into a sequence of
feature vectors by means of the graph edit distance between
the window subgraph and character prototype graphs.

From the chosen structural representation one expects
that the two-dimensional nature of handwriting is better
preserved and contextual relationships can be more ade-
quately modelled. To the knowledge of the authors, the
graph similarity features proposed in this paper are the first
attempt to use graph-based representation for segmentation-
free offline handwriting recognition.

In an experimental evaluation, the task of HMM-based
single word recognition on the medieval Parzival data set is
considered. The proposed descriptor has significantly out-
performed two well-known reference descriptors. Although
having a lower recognition accuracy, the effectiveness of the
reference systems with respect to computational speed is still
appealing.

In future research, other graph representations of hand-
writing can be investigated, for example, taking edges and
more complex labels into account. Furthermore, feature
extraction can be improved by prototype selection, feature
selection and dimensionality reduction. Finally, Lipschitz
embedding could be valuable to improve the robustness for
different writing styles [16].
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