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inputs and other problems such as touching components. This
paper is structured as follows: some related work is presented
in Section II, Section III describes the text reference lines
and its advantages. Section IV explains the Layout Analysis
and text block extraction, and in Section V the segmentation
of the text line and further post processing is presented.
Finally, the experimental setup and discussion of the results
are presented in Section VI and the conclusions and future
work in Section VII.

Abstract—We present a novel Convolutional Neural Networkbased method for the extraction of text lines, which consists of
an initial Layout Analysis followed by the estimation of the Main
Body Area (i.e., the text area between the baseline and the corpus
line) for each text line. Finally, a region-based method using
watershed transform is performed on the map of the Main Body
Area for extracting the resulting lines. We have evaluated the new
system on the IAM-HisDB, a publicly available dataset containing
historical documents, outperforming existing learning-based text
line extraction methods, which consider the problem as pixel
labelling problem into text and non-text regions.

II.
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I.

Recently, there have appeared new techniques addressing
the text line segmentation problem on historical documents:
[4], [5], [6], [7], [8], [9]. Likforman-Sulem et al. [10] presented
a complete study with several techniques for this problem and
their taxonomy.

I NTRODUCTION

Text line extraction is one of the previous stages for
the document transcription process. The transcription engines
usually work at line level, thus it is important the correct
extraction of the text lines. Traditional methods sufﬁce [1],
[2] for printed documents which do not present distortions
such as wrinkles, deformations or illuminations; besides, in
some cases, like forms or articles, the layout of the document
is previously known. But text line extraction becomes harder
when dealing with unconstrained handwritten text which do
not have the homogeneity of printed text, and no layout
knowledge is assumed a priori. Moreover, noise and other
artefacts directly affect the system performance. This is the
case of historical documents which suffer from degradations
caused by time and storage conditions, and depending on the
type of the manuscript, they can include decorations, special
glyphs and text annotations. These historical documents we
are dealing with require robust methods to deal with the image
distortions and noise artefacts that could not be removed on
previous stages.

Garz et al. [11] applied a binarization-free method after
detecting and clustering interest points. Following the idea
of text reference lines, Feldbach et al. [12] extract lines
detecting the main baseline of the text line (lower baseline)
using a bottom-up approach. Besides, the text reference lines
have been successfully used for text line normalization as a
preprocessing recognition step in [13], [14], [9]. Moreover, the
detection of the MBA at pixel level have been already used
[15], but in that case, it was applied only at text line level.
The presented approach follows the idea used by Baechler
et al. [16] since the lines are extracted after classifying pixels
on the text core line class. Nevertheless the differences are
substantial, Baechler et al. used two classiﬁcation levels; ﬁrst,
pixels are classiﬁed as decoration, background, text block or
periphery classes. And then, with a higher resolution input, the
outcome of this ﬁrst stage is used for a more ﬁne classiﬁcation
into decoration, background and core-text line. Following the
same procedure, we detect the text blocks in the ﬁrst stage,
and then we perform the MBA extraction only in the zones
marked as text blocks. The main novelty of our approach is
the use CNNs over the raw input of the image instead of
feature based models. In addition, our method works well
using only 2 × 2 down sampled images. Moreover, the line
segmentation from the text core line also differs from [16],
since the output of the CNN presents some continuity that
does not require further components joining neither the postprocessing used in Baechler et al. work. Finally, it is not clear
to us how they computed the ground truth of the text core
line. We use the classiﬁcation of Local Extrema Points using
bootstrap techniques and transferred knowledge combined with
semi-supervised methods [13].

In the presented approach, Convolutional Neural Networks
(CNNs) [3], which have learnt useful features from the
binarized-free document images, are used for extracting text
lines, by detecting the Main Body Area (MBA), also known as
core text or X-height. On an earlier stage, a Layout Analysis is
computed over each page: the pixels of the image are classiﬁed
and grouped as text blocks. Afterwards, another CNN scans
the text blocks generating an MBA map. From that map,
a segmentation algorithm is performed to extract the lines.
Finally, a ﬁnal post processing to enhance the frontiers from
the lines is applied.
The main contribution of this work is the effective use
of CNNs on historical imaging and its robustness to noisy
978-1-5090-1792-8/16 $31.00 © 2016 IEEE
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Fig. 1.

Reference lines for a text line. The useful information is stored in the Main Body Area.

As drawbacks, the Layout or text block ground truth is
needed in order to extract the text blocks and perform a full
page scan for this ﬁrst classiﬁcation previous to the MBA
classiﬁcation.

Another relevant work is the one performed by Nikolau
et al. [17], which modiﬁed the Run Length Smearing Algorithm (RLSA) [2], adding connected components, whitespaces,
punctuation marks, and skeleton of the strokes knowledge to
the smearing process.

A. Layout pixel classiﬁcation
III.

R EFERENCE LINES OF THE TEXT

In this stage, every pixel of the page is classiﬁed using a
sliding window approach. For this purpose, when classifying
each pixel, a centered pixel window with n neighbours is
ﬁxed to the center of the pixel to classify. Windows in the
edge of the page are padded. On the (2n + 1) × (2n + 1)
input for each pixel, several convolutions are applied, and
afterwards, the extracted features are classiﬁed by means of a
fully connected Multilayer Perceptron. Note that this process
is very exhaustive since it has to convolve each time a centered
window on the pixel to classify. For this matter, a tradeoff between optimal convolution topology and efﬁciency plus
performance is required. We used a LeNet [3] based topology
with two sets of convolutional and max-pooling layers, as
depicted in Table I, ﬁrst column. These conﬁgurations gave
us an outcome good enough for further text line segmentation.

Text lines from cursive scripts can be divided in three
areas: Main Body, Ascenders and Descenders areas. As seen in
Figure 1, these areas are delimited by the reference lines of the
text: upper and lower baselines for the MBA; and ascenders
and descenders lines for the respective areas. Observe that the
MBA comprises the body of the non-capital letters.
The proposed method estimates the MBA of the text lines
at page level. The underlying idea is to classify each pixel
from the raw image within the probability of being part of
the MBA or not. It follows a continuous left to right path
which provides a good estimation about the position of the
lines and their orientation, even if the page is skewed or the
typography presents slant. In addition, the MBA does not cross
along different lines, which makes it robust against touching
components where some traditional methods fail. Usually,
the touching components issue occurs between ascenders and
descenders, or with the presence of noise (holes in the sheet,
ink or bleed through).

The output of the classiﬁer has 3 softmax neurons as
output, each of them corresponds to one class: background,
decoration or text block. The out-of-page pixels have been
merged on the background class. Models on images reduced
by factor of 2 × 2 are used for our experiments, although the
ﬁnal evaluation is always performed on the original scale.

As the shape of the letters within the MBA is regular even
with different characters (i.e., letters “o”, “b”, “d”, “g”, “p”,
“q” have a very similar shape in the MBA, they all are like
“o”), the MBA computation is very suitable for working with
machine learning techniques. Indeed, CNNs can extract this
shape features giving high performance results on the MBA
classiﬁcation task.
IV.

B. Text Block Segmentation
Figure 2 illustrates the whole text block pipeline from the
original image (Figure 2-a). After running the Layout CNN
all over the page, the pixels are labelled as text block if its
CNN output value is greater than certain threshold set to 0.5
(as shown in Figure 2-b). Then a text block map is generated
(Figure 2-c), and the text blocks are segmented by joining
their neighbouring pixels by a 8-connectivity. Usually this
procedure segments text columns, but also, small and spurious
text regions must be ﬁltered according to their size. Finally, a
gap ﬁlling algorithm is performed on the text blocks in order
to have a closed polygon shape (Figure 2-d). The text line
extraction is performed independently in each of these text
blocks (see Figure 2-e).

T EXT B LOCK E XTRACTION

The proposed method works in two classiﬁcation levels. On
the ﬁrst level, every pixel of the image is classiﬁed into one
of three classes: text block, background or decorations/graphs.
Following, a second CNN ﬁlter is applied. Even though our
approach could skip the ﬁrst layout classiﬁcation, it provides
several advantages:
•

•

Without the ﬁrst classiﬁcation, the MBA classiﬁer
would have to deal with less speciﬁc data, since we
have removed decorations and many not useful data
like background pixels. The model gets specialized
into discriminate text parts from the body area and
the rest of areas.

V.

T EXTLINE EXTRACTION BY MBA ESTIMATION

A. Main Body Area pixel classiﬁcation
The key point of the proposed approach is to classify the
pixels of the image belonging to the MBA. Performing the
MBA classiﬁcation follows a similar procedure than the one
in the layout classiﬁcation level. The main difference is that
now we have less pixels to classify, and the output of classiﬁer

In this way, the MBA classiﬁer runs only in the
text blocks areas, which usually takes between 20%
and 80% of the whole page. Thus, deeper and more
powerful models are used in this second stage.
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Fig. 2. Text block pipeline. a) Original image. b) The softmax output after appliying the Layout CNN. c) Text block pixels after applying the threshold. d)
Joined text blocks with the gaps ﬁlled. e) Main Body Area map computed over the text blocks.
TABLE I.

C ONVOLUTIONAL N EURAL N ETWORKS C ONFIGURATION

Input window
Convolution Layers
MLP
Output

Layout CNN
37 × 37
10 (6 × 6 + 1 + 1) kernels
2 × 2 max pool (ReLU)
20 (4 × 4 + 1 + 1) kernels
2 × 2 max pool (ReLU)
128 × 16 ReLU
3 softmax

For this task, there is no need to supervise the whole
training set. Since our target samples are pixels, with only
a few pages, a medium set of lines and a huge set of
pixels are obtained. With our experience, between 2 and 5
supervised pages of the corpus for training and 1 to 3 pages
for development sufﬁce.

MBA CNN
43 × 43
10 (6 × 6 + 1 + 1) kernels
2 × 2 max pool (ReLU)
20 (4 × 4 + 1 + 1) kernels
2 × 2 max pool (ReLU)
128 × 16 ReLU
1 logistic

C. Text Line Segmentation
After extracting the MBA for each page, the visualization
of the computed map shows that the text lines have been
mainly detected, and it would be easy to extract the lines from
that map (Figure 4-a).
In our approach, a region-based segmentation algorithm
using the watershed transform is applied [18]. To put it in
short, in our case, the probability map of the MBA is seen as
a set of valleys and mountains according to the output values of
the CNN. The watershed try to ﬁnd a local minima height level
ﬂooding this probability valleys and taking the high probability
mountains, which are the ﬁnal segmented lines.

Fig. 3. Main Body Area of a text line. The text strokes have been superposed
for better comprehension. The white area corresponds to the MBA soft ground
truth.

has only one logistic neuron as output. Table I describes the
CNN conﬁgurations for both stages.
Both CNNs have been trained by the backpropagation algorithm combined with regularization methods such as weight
decay penalty.

Figure 4 illustrates the procedure followed for one text
block:
1)

B. Soft ground truth
2)

In order to train the proposed models, a reliable ground
truth or labelled data for the MBA estimation is required. For
this purpose, a semi-supervised method for its generation has
been followed. For every line, local extrema points from the
contours of the image are extracted. Then, these points are
classiﬁed as belonging to the upper and baseline reference lines
or neither of them [13]. In this procedure, transferred learning
for another corpora could be used in order to have a ﬁrst
estimation of the classiﬁed points and then, with an assisting
tool the points can be corrected with the human assistance.

3)

Once the local extrema points are classiﬁed, the points from
the upper baseline and lower baselines are joined by linear
interpolation, and, ﬁnally, the area between the lines is marked
as MBA. Afterwards, the ground truth of each line is projected
again in the whole image generating the MBA pixel ground
truth at level page. Figure 3 illustrates this procedure for one
text line.

First, a Sobel ﬁlter is applied (Figure 4-b) on the
MBA map (Figure 4-a) in order to compute an
elevation proﬁle.
Since the values are probabilities computed by the
neural network, the MBA is separated into three
classes (markers): values less than 0.2; values between 0.2 and 0.7; and values above to 0.7 (Figure 4c). This markers are required byt the watershed
procedure.
These markers are used with the elevation map to
apply the ﬁnal watershed transform. The watershed
transform detects several regions which corresponds
to a line (Figure 4-d).

D. Postprocessing
The segmentation algorithm extracts a tight polygon surrounding the MBA of each of the detected text lines. Even
though the algorithm is able to detect most of the text lines,
we need to provide more accurate frontiers, taking into account
ascender and descenders. For this purpose, a simple procedure
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Fig. 4. Text line segmentation procedure for one of the text blocks from Figure 2. a) MBA map computed by the CNN. Brighter values represent the pixels
belonging to the MBA. b) A Sobel ﬁlter is applied for computing the frontiers of the lines. c) Markers are computed classifying pixels from (a) in three classes:
values less than 0.2 (gray), between 0.2 and 0.7 (black pixels) and above (white pixels). d) The regions centered on the MBA of the lines. e) The frontiers of
the lines after post processing the MBA regions. f) The lines extracted from two text blocks (columns in this case).
TABLE II.

is applied: on the text blocks, the upper and lower contours
of the text are extracted and, then the upper local maxima
and lower local minima of these strokes are added to the line
polygons. Some of these local extrema delimit the frontiers
of the text lines. Points which are not inside of any polygon
area are added to the line frontier if the following conditions
are met: the point must be a local maxima and the distance to
the next polygon (which is below to it) is lower than a certain
threshold (usually 10 pixels). The same procedure is applied to
the minimum extrema points which are joined (or not) to their
upper closest lines. Figure 4-e,f show the ﬁnal lines frontiers
after applying the whole process.

VI.

Parzival
Saint Gall

PAGES AND LINES FROM T RAINING , VALIDATION AND
T EST SETS
Training
Pages
Lines
24
2285
20
471

Validation
Pages
Lines
9
720
10
1405

Test
Pages
14
30

Lines
1405
721

E XPERIMENTAL S ETUP

A. Database
The proposed approach has been tested on the Parzival and
Saint Gall sets from the IAM Historical Database [19]. The
line and layout ground truth have been taken from the Hisdoc
Divadia site1 .

Fig. 5. Two samples of images from the evaluated corpora: Saint Gall (left)
and Parzival (right).

The Saint Gall database contains manuscripts from the 9th
century using Carolingian scripts by a single writer, while
the Parzival is compiled from 13th century Gothic scripts.
As seen in Figure 5 the documents present degradations and
decorations. Note that every used methods has been applied on
the grayscale images from the scanned version, so no previous
binarization or enhancement have been applied. Table II shows
the number of pages and the lines taken for both corpora.

B. Evaluation metrics
To quantify the performance of the proposed method,
Match Score metrics presented on ICDAR 2009 competition
[20] are used. This evaluation checks the matches between the
detected and ground truth lines. A match is computed if a line
i in the ground truth and a predicted line j overlap on more
than 90% of the foreground truth pixels.
The overlapping is computed as MatchScore as shown in

1 http://diuf.unifr.ch/main/hisdoc/divadia
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TABLE III.

P ERFORMANCE OF THE PROPOSED AND THE RLSA BASED METHODS .

Dataset
Parzival
Saintgall

Proposed method
RLSA approach
Proposed method
RLSA approach

Match Score metrics
DR
DA
FM
98.65
98.86
98.75
50.00
70.22
58.45
96.39
96.52
96.46
89.59
92.55
91.05

Equation (1), where Gj represents the pixels on the ground
truth, Ri the pixels on the predicted, and I the set of foreground pixels. T is a function that counts the elements in
the set. The MatchScore computes the relation between shared
pixels of two lines and their union. A one-to-one (o2o) match
is counted if the MatchScore between two lines is bigger than
90%. Finally the evaluation is treated as a precision/recall
problem known as Detection Rate (DR) and Recognition
Accuracy (RA), respectively, as shown in Equation (2).
M atchScore(i, j) =

DR =

T (Gj ∩ Ri ∩ I)
T (Gj ∪ Ri ) ∩ I

o2o
o2o
2DR RA
, RA =
,FM =
N
M
DR + RA

First of all, as can be seen in Table III, a specialized
classiﬁer for the MBA is required since the RLSA cannot
estimate accurately the MBA. The results draw a high Pixel
Hit Rate in both corpora, since the majority of pixels of the
lines are well classiﬁed. However, on the Saint Gall dataset, the
Text Line Accuracy and Match Score are a bit lower. We have
noticed that in the Parzival dataset, the text is more comprised
and it is easy to ﬁnd the MBA while in Saint Gall some regions
are not fully covered by MBA classiﬁcation. Figure 6 shows
some of the extracted lines the both datasets. Nevertheless
the results on the historical datasets are very competitive,
outperforming some of the state-of-the-art methods, especially
on the Parzival dataset, as shown in Table IV.

(1)

(2)

VII.

Table III shows the evaluation of the proposed method on
the described datasets. In addition, a Run Length Smearing
Algorithm (RLSA) based method has been tested in order to
check the relevancy of the CNN MBA detection. The RLSA
based method applies the smearing transform on the pixels of
the text blocks, and then the same text line segmentation in our
approach is computed over it. Note that the RLSA approach
works on the binarized ground truth of the image which is not
used on our main approach. In addition, Table IV shows the
performance of our approach compared with other works.

As a future work, we are planning to improve the method
adapting the model to extract the ascenders and descenders
regions in order to have more accurated line segmentation
frontiers.
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C OMPARISON WITH OTHER WORKS WITH THE PROPOSED
P IXEL H IT R ATE AND T EXT L INE ACCURACY ARE THE
SELECTED METRICS FOR COMPARISON .

Parzival

Saint Gall

Baechler et al ’13 [16]
Cohen et al ’13 [4]
Proposed Method
Baechler et al ’13[16]
Rabaev et al ’13 [5]
Garz et al ’13 [11]
Pastor et al ’15[9]
Cohen et al ’13 [4]
Proposed Method

PHR
96.4
97.88
98.79
95.4
96.3
97.2
99.22
98.49

C ONCLUSIONS

This paper presents a new technique for text line extraction.
The method is aimed for historical documents since the CNNs
are able to deal with the typical historical artefacts which
appear in those old documents and then, detect the line
paths. The computation of the Main Body Area makes the
method robust against touching components. In addition, the
classiﬁcation is very robust due to it is performed at pixel level
and missclassiﬁcation of one of several pixels is smoothed by
the rest of pixels, providing a high recall on the text line set.
We have also empirically shown that the preprocessing Layout
classiﬁcation helps when the document presents decorations,
annotations and stains, because they are ignored in this ﬁrst
stage. Very competitive performance on the IAM Historical
Datasets, Saint Gall and Parzival corpora, are achieved, which
it validates the proposed approach.

C. Results and Discussions

DATASETS .

FM
98.79
70.45
98.76
95.01

Even if the text block extraction stage is not perfect, the
MBA detection could recover some mistakes if the recall of the
text block extraction is high. The text block stage helps mainly
to speed up the MBA classiﬁcation and also for segmenting
columns, which is the case of Parzival dataset. The recall of
the text blocks at pixel level is around 98.74% in Saint Gall
and 94.24 in the Parzival corpora.

In addition, Precision and Recall scores at pixel level are
computed. Each line on the ground truth is assigned to one
of the predicted line. If the number of lines differs, dummy
lines are added in order to make a one-to-one assignment.
Thus, the Precision and Recall are computed as the number of
shared foreground pixels in each assignment [21]. According
to the nomenclature used in [21], the Recall corresponds to
the Pixel Hit Rate. In addition for extended comparison with
other works, the Text Line Accuracy is also calculated, which
is similar to RA but comparing only the pairs of assigned
lines (a detailed description of the computation of this value
is described in [21]).

TABLE IV.

Pixel Accuracy
Prec.
Recall (PHR)
98.61
98.90
72.62
68.41
99.06
98.49
94.40
95.65

This work has been partially supported by the the Spanish
Government project TIN2010-18958.

TLA
96.3
98.31
98.76
96.0
97.84
98.0
98.3
99.08
96.4
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