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ABSTRACT

Skew correction and text line extraction are essential steps
for optical character recognition (OCR) applications. For
this purpose, numerous approaches were developed, which
conduct the analysis primarily in document images. However,
they often suffer from limited detection range and application-
specific parameter tuning. Inspired by the intrinsic properties
of printed text, a novel subregion-based approach is proposed
in this paper, which is applicable for generic printed text im-
ages and no parameter tuning is required. Guided by the spac-
ing between text lines, the detection of a skew angle between
±90◦ is feasible. As verified by the experimental results, the
proposed approach is robust to diverse skew directions and
significantly improves the state-of-the-art OCR performance.

Index Terms— skew correction, text line extraction, text
analysis, printed text image, binary image processing

1. INTRODUCTION

Text lines in images are often not aligned with the expected
direction, they are skewed. However, most text analysis meth-
ods and OCR engines require skew-corrected images and re-
liable text line extraction for achieving good OCR perfor-
mance. This is due to the fact that character recognition is not
necessarily rotation-invariant and the spatial relation between
optical characters is critical for retrieving correct textual in-
formation. Therefore, numerous methods were developed for
conducting skew correction and text line segmentation.

Projection profile-based analysis is among the most com-
monly used methods for skew estimation. 1D profiles are gen-
erated by projecting text images onto the axis of a given direc-
tion. Postl [1] proposed a method using profiles of the number
of text pixels accumulated along rows. Bloomberg et al. [2]
and Kavallieratou et al. [3] suggested different search algo-
rithms to improve the accuracy. In comparison to the analysis
using horizontal profiles, Papandreou and Gatos [4] also pro-
posed a vertical profile-based method. Wavelet coefficients
instead of the original image data were considered by Li et
al. [5] for skew estimation. Another powerful method for
skew determination relies on the analysis of connected com-
ponents (CC). O’Gorman [6] used the k-nearest-neighbors

pairings for obtaining orientation and text line information.
With the help of a boundary growing method, Shivakumara
et al. [7] were able to build some words out of neighboring
characters for skew estimation. After joining characters us-
ing oriented binary morphology, Brodic et al. [8] used the
longest CC to figure out the sought skew direction. Hough
transform and cross-correlation are also frequently used in the
field, their application can be found in [9–13].

Most state-of-the-art approaches are aiming at analyzing
document images, while non-document images are rarely
considered. Furthermore, many approaches suffer from lim-
ited detection range and an application-specific parameter
tuning is mostly unavoidable. Considering these problems
and inspired by the intrinsic properties of printed text, we
propose a novel subregion-based approach for skew correc-
tion and text line extraction, which is able to deal with generic
printed text images and skew angles between ±90◦. Since no
application-specific parameters are employed, our approach
does no require any tedious parameter tuning.

2. PROPOSED APPROACH

Pixels PI in a binary text image I can be divided into two
groups: foreground and background, where these two sets of
pixels are denoted by PF and PB respectively. Convention-
ally, characters in text images are referred to as foreground
and converted into black pixels after binarization. Generally,
PF ∪PB = PI and PF ∩PB = ∅. Assuming a total number
of L characters available in I , there are L non-overlapping
objects corresponding to PF,1, ... PF,l, ... PF,L in PF where
PF,l denotes the set of pixels in the l-th character.

For better readability printed text exhibits certain intrinsic
properties, such as parallel arrangement of text lines, identical
or quasi identical orientation of characters, adequate spacing
between neighboring lines. Based on these special features,
the desired skew correction and line extraction are possible.

2.1. Initial skew estimation

To achieve a more robust skew estimation and To reduce the
expense of obtaining the optimal solution, principal compo-
nent analysis (PCA) [14] is employed to give an initial esti-



mate of the text skew angle θ. Regarding the orientation of
text blocks and the orientation of single characters, two inde-
pendent pairs of skew estimates can be obtained.

2.1.1. PCA on the entire image

Usually, the running direction of text lines and their arrange-
ment are perpendicular. For example, the running direction of
text lines in this paper is horizontal, while they are vertically
arranged. If text lines are evenly placed in the image and with
regular line length, a precise skew estimation can be obtained
by applying PCA on the entire image I .

Since the analysis is focused on printed text, all non-text
pixels PB are omitted and only the foreground pixels PF are
considered. As a result, the covariance matrix C(PF ) of the
x-y coordinates for all text pixels is written as follows:

C(PF ) ∼
∑

I(xi,yj)∈PF

[
(x2i − x̄2) (xiyj − x̄ȳ)

(xiyj − x̄ȳ) (y2j − ȳ2)

]
, (1)

where ∼ denotes the equality up to a non-zero scale factor.
x̄ and ȳ are the mean values of the x- and the y-coordinate,
respectively. The two eigenvectors of C(PF ) provide two
perpendicular skew estimates θ̂1 and θ̂2 with |θ̂1− θ̂2| = 90◦.

2.1.2. PCA on single characters

Similar to the structure of text lines, the shape of characters
can also provide a pair of perpendicular skew estimates us-
ing PCA. In contrast to the entire image-based analysis, the
covariance matrix C(PF,l) is computed for each single char-
acter PF,l according to the right side of Eq. (1). Then, the
overall covariance matrix C ′(PF ) is obtained as follows:

C ′(PF ) ∼
∑

PF,l∈PF

1

#(PF,l)
C(PF,l) (2)

where #(·) denotes the cardinality of a set. Again, two skew
estimates θ̂′1 and θ̂′2 with |θ̂′1 − θ̂′2| = 90◦ are obtained.

2.1.3. Selection of the initial estimate

One out of the obtained skew estimates needs to be selected
as the initial value for the further estimation. To this end, the
widely used projection profile h(I, α) is employed to achieve
the best initialization where α defines the axis onto which the
image is projected. Likewise as in [1–5], h(I, α) is an indi-
cator for the quality of skew estimation. Thus, all four candi-
dates are evaluated with respect to it. To generate the desired
projection profile, I is projected onto the perpendicular axis
of the skew direction with α = θ + 90◦. In contrast to usual
applications, a binary projection is used in our case. All el-
ements on the projection axis have two possible values: zero
and one. If any pixel from PF is projected onto the n-th ele-
ment hn(I, α) of h(I, α), hn(I, α) is set to be zero. Other-
wise, it has the value one.
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(b) profile after pixel division

Fig. 1. Projection profiles before and after pixel division. As
each pixel in the original image is divided into four equally
sized subpixels, the projection of the rotated character “1” is
corrected. Elements of profiles are presented as red squares.

In consideration of spacing between text lines, the num-
ber of zero elements in h(I, α) should be minimized if the
optimal skew estimate is obtained, i.e.

θ = arg min
θ̂

N∑
n=1

(1− hn(I, θ̂ + 90◦)), (3)

whereN denotes the length of the projection profile in pixels.
However, the projection of pixels is not always quite precise.
One of such cases is illustrated in Fig. 1 (a). Elements of the
projection profile are presented as red squares. Obviously,
some elements are missing the projection of pixels from the
rotated character “1”. This problem is solved by dividing each
pixel into four equally sized subpixels. The corrected projec-
tion profile is visualized in Fig. 1 (b). Occasionally, the esti-
mate is roughly perpendicular to the true skew direction. This
can be recognized and corrected in the next step.

2.2. Subregion-based skew estimation

One important intrinsic property of printed text is the ade-
quate spacing between neighboring lines. This is favorable
for the skew estimation since the running direction and the
arrangement direction of text lines can be distinguished from
each other by considering it. In our application, a subregion-
based approach is employed to utilize this special property.

In contrast to the single character-based analysis, spacing
between lines and characters is also considered while trying
to figure out the skew direction using subregions. Subregions
are denoted as PS,1, ... PS,l, ... PS,L and defined as unions
of characters and their neighboring spacing regions. All sub-
regions are disjoint. To generate appropriate subregions de-
spite of unknown θ, the skeleton of background is used to
construct boundaries between subregions. This is achieved
by applying a thinning operation on PB and more regular
results are obtained through the pruning introduced in [15].
An example text image and the corresponding subregions are
demonstrated in Fig. 2 (a) and (b). For better skew estima-



(a) original image (b) subregions (c) corrections

Fig. 2. The subregion generation before and after corrections.

tion, dot-like objects are removed before generating subre-
gions. This is achieved by cancelling objects less than T pix-
els with T = 3 · SW 2 where SW is the stroke width deter-
mined according to [16]. The skew direction can roughly be
recognized regarding the shape of subregions. However, some
subregions can be wildly grown and therefore be irregularly
shaped. This is undesirable since it leads to a less accurate
estimation result. To overcome this problem, a couple of cor-
rections are performed to generate better shaped subregions.

As a first correction, all characters are filled along the
x- and the y-axis. After row- and column-wise scanning,
background pixels between two foreground pixels of the same
character are temporally moved into PF . Then, the thinning
and the pruning operation are applied on the remaining back-
ground pixels. A further correction is conducted by dealing
with the wildly grown parts between characters and the im-
age border. This can be observed in Fig. 2 (b), where sub-
regions of the first and the last text line are exceedingly ex-
tended. Our solution to this problem is repeating the thin-
ning and the pruning operation again. The involved pixels
are those background pixels from the last step exclusive the
outer part which contains the background pixels connected
to the image border via a four-connected neighborhood. The
last modification step is based on the median subregion size.
Centered at the bounding box centroids of filled characters,
local windows of the size median width times median height
are constructed. Spacing lying outside of the windows is ex-
cluded from the subregions. The corrected subregions with
more regular shapes are visualized in Fig. 2 (c).

Using Eq. (2) the overall covariance matrix C ′(PS) of
single subregions is computed, where each subregion is lin-
early weighted with respect to the the median size. The eigen-
vector corresponding to the smaller eigenvalue defines the es-
timated skew angle θ̂′′. The accuracy of the subregion-based
skew estimation depends on the skew angle in the current im-
age. For θ = n · 90◦ with n ∈ Z, the skew angle is estimated
with the best precision in most cases. A less accurate result is
obtained if the text is rotated into another direction. With this
in mind, the subregion-based skew estimation is conducted
in an iterative manner. After each skew determination us-
ing the currently computed covariance matrix C ′(PS), the
text image is rotated by −θ̂′′ and the subregions are regener-
ated. This process is repeated until no significant change of

θ̂′′ is observed or the maximal iteration number is reached. To
deal with slanted fonts, an additional estimate of θ is obtained
by applying the Euclidean minimum spanning tree (EMST)-
based approach [17] on centroids of subregions.

2.3. Selection of the optimal skew estimate

Through the initial and the subregion-based estimation, six
skew estimates are available for further processing. It is nec-
essary to figure out the estimate with the best precision. To
this end, Eq. (3) is employed again for selecting the opti-
mal estimate. Nevertheless, in contrast to the former case,
this is not the only criterion and an additional constraint must
be considered. Despite possible inaccuracy of the subregion-
based estimation, only a slight difference can be observed be-
tween θ and θ̂′′. In other words, the optimal estimate θ̂ must
satisfy |θ̂ − θ̂′′| < D where D is a small angle and set to be
adaptive to the height-width ratio of the entire text region.

2.4. Single line determination & final skew estimation

Although the obtained skew estimate is close to the true value,
it is still difficult to tell how many text lines are available in
the image. Connected components are commonly used for
this purpose. However, many quality measures and therefore
parameters must be carefully defined to guarantee satisfactory
performance. To avoid the trial-and-error tuning process, the
mean shift mode seeking algorithm [18–20] is employed to
realize a non-parametric text line determination. Regarding
the centroids of subregions, determining text lines is equal to
grouping the centroids into different clusters with respect to
their y-coordinate. To this end, the mean shift algorithm is
applied on the 1D histogram of the y-coordinate. To ensure
the desired clustering results, all centroids are smoothed along
the y-axis using a Gaussian filter with the size of the median
subregion height. The text line determination for the example
image is visualized in Fig. 3 (a)-(d).

Using the clustered subregion centroids, the final skew es-
timation is conducted. Since text lines are corrected to be
nearly horizontal, the two-parameter line model: ax + b = y
is employed. For K text lines, there are K different b coeffi-
cients, while the slope a stays constant. Therefore, (K + 1)
unknown coefficients can be solved using L linear equations
with L ≥ (K + 1).

2.5. Skew correction & text line extraction

According to Eq. (3), the estimated skew angle is compared
with the previous result again, and the optimal estimate is se-
lected. Then, the image is rotated by −θ̂ for skew correction.
Considering the centroids of subregions, L characters are as-
signed to the corresponding lines by dividing the entire image
intoK subimages. It is important to deal with the dot-like ob-
jects which were cancelled for generating subregions. They



(a) image after skew correction (b) subregions

(c) Gaussian blurred centroids
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Fig. 3. The determination of single text lines. Centroids of
subregions are marked by red crosses. In the histogram, solid
red lines indicate the positions of found modes, while dashed
green lines illustrate boundaries between different regions.

are restored and assigned to the nearest text lines. This pro-
cess is demonstrated by Fig. 4 (a) and (b). Alternating colors
(green and red) and line shapes (solid and dashed) are used
for a better illustration of different lines.

3. EXPERIMENTAL RESULTS

3.1. Test data & performance measure

The dataset comprising 860 printed text images from [16]
was used in our experiment. A subset including 120 images
is with multiple text lines. The binarization was conducted
using the method presented in the same paper. Since most
images have a skew angle of 0◦ or ±90◦, we rotated the bi-
narized images by an angle γ to generate more complex test
data. To obtain quantitative performance evaluation, the Lev-
enshtein distance-based [21] F-score of OCR results using
Tesseract [22] was employed.

3.2. Comparative results

To achieve a comparative evaluation, diverse pre-processing
approaches were combined with Tesseract to provide OCR
results. The obtained F-scores are listed in Table 1. The
straightforward application of Tesseract without modify-
ing binarized images is denoted by “native”, the EMST-
based skew correction employed the approach proposed
in [17], “CC” indicates the connected component-based ap-
proach from [16] for extracting text lines. “proposed−” and
“proposed+” denote the proposed approach without and with
the final text line extraction, respectively. The best OCR
performance was achieved using the proposed skew estima-
tion and text line extraction. No significant variation of the

(a) estimated K lines (b) extracted text lines

Fig. 4. The skew estimation based on K line models with the
same slope and the extracted text lines in the image after the
final skew correction. Alternating colors (green and red) and
line shapes (solid and dashed) are used for a better illustration
of different lines.

best performance over different γ values was presented. In
comparison to the EMST- and the CC-based approach, slight
improvement could be observed even if only the proposed
skew correction was applied. Moreover, the native OCR
results were strongly influenced by the skew angle.

4. CONCLUSION

Inspired by the intrinsic properties of printed text, a subregion-
based approach for estimating the skew angle and extracting
single text lines in binarized printed text images is proposed
in this paper. In comparison to the commonly used projection
profile- and connected component-based analysis, our ap-
proach can also be applied on non-document images and the
detection of a skew angle between ±90◦ is feasible. Further-
more, no application-specific parameter tuning is required.
These advantages lead to more robust OCR performance
for generic printed text images, which is verified through
comprehensive tests in our experiment.

The major limitation of the proposed approach is to as-
sume an overall skew direction in a text image. To achieve de-
sirable OCR results in images with multiple skew directions,
a combination of this approach and the CC-based analysis in
a hierarchical manner will be considered in future work.

approach F-score
γ = 0◦ γ = 15◦ γ = 45◦ γ = 90◦

native 0.480 0.013 0.006 0.434
EMST 0.630 0.572 0.550 0.623

CC 0.652 0.629 0.618 0.651
proposed− 0.659 0.661 0.654 0.665
proposed+ 0.704 0.700 0.699 0.713

Table 1. F-scores of the OCR results using differ-
ent pre-processing approaches and for different γ values.
“proposed−” and “proposed+” denote the proposed approach
without and with the final text line extraction, respectively.
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