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Abstract 
In this paper, an approach to algorithm with the implementation of the anisotropic Gaussian kernel is presented. As 

a result of algorithm, the growing region around text is created. To improve skew identification in text, anisotropic 
Gaussian kernel is rotated. Furthermore, algorithm is evaluated under different text samples. Results are given and 
comparative analysis is made. From the obtained results, the optimal value of the parameters defining rotated 
anisotropic Gaussian kernel dimension is proposed. 
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INTRODUCTION 

Historical documents are built from hand-
written text. It is characterized as fully or par-
tially cursive text. Text lines in the handwritten 
documents are basically curvilinear. Hence, it 
tends to be differently skewed. Similarly, different 
text lines are close to each other. Therefore, text 
lines casually get into each other. Descendants 
and ascendants from neighbor text lines are 
occasionally overlapped. Word in text lines aren’t 
formed regularly. Hence, their distance is different. 
However, inter word spacing is tolerable. But, 
appearance of different orientation skewed 
lines and text lines close to each other made 
the handwritten text to be less readable.  

Previous work on text parameter detection 
can be categorized in few types [1]: 

• Histogram analysis, 
• Docstrum (k-nearest neighbor clustering), 
• Projection profile (Hough transform), 
• Fourier transform, 
• Cross-correlation, 
• Other methods. 

In [2] is mentioned previously proposed and 
accepted technique of reference line extraction 

based on identifying valleys of horizontal pixel 
density histogram. Method failed due to multi-
skewed text lines.  

The Docstrum method [3] is by product of a 
larger page layout analysis system, which 
assumed that only text is being processed. The 
connected components formed by the nearest 
neighbors clustering are essentially characters 
only. The method is suitable for finding skew 
angle. But, it is limited to Roman languages 
due to poor text line segmentation.  

Another method proposed in [4] deal with 
“simple” multi-skewed text. It uses as a basis 
simple type of Hough transform for straight 
lines. But, it's too specific. 

The Fourier transform method is a repre-
sentation in the Fourier domain of the pro-
jection profile method in the pixel domain. 
The results are mathematically identical, but 
Fourier transform is only different approach to 
the same text and document properties that 
projection profile is based upon [1]. 

The cross-correlation method calculates 
both horizontal and vertical projection profiles 
and then compares the shift inter-line cross-
correlation to determine the skew rate. Although 
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method can handle complex layout structure 
documents, applied range is limited to (-10°, 10°) [1]. 

Algorithm proposed by [5] model text line 
detection as an image segmentation problem 
by enhancing text line structure using a Gau-
ssian window and adopting the level set me-
thod to evolve text line boundaries. Author 
specified method as robust, but rotating text by 
an angle of 10° has an impact on reference line 
hit rate. 

Method of identifying words contour area 
as a start of detecting baseline point proposed 
in [6]. The assumptions made on the word ele-
ments definition are too specific. 

Organization of this paper is as follows. 
Section II includes proposed algorithm infor-
mation and description. In Section III text ex-
periment is defined. Further, in Section IV re-
sults are examined, compared and discussed. 
In Section V conclusions are made. 
  
PROPOSED ALGORITHM 
 

DOCUMENT TEXT IMAGE 
At the beginning of the process, original 

image is used. Document text image is obtained 
as product of original image scanning. Document 
text image is digital text image represented by 
matrix D with M rows, N columns, and inten-
sity with L discrete levels of gray. L is the inte-
ger number from the set {0, …, 255}. Curren-
tly, D(i,j) ∈ {0, …, 255}, where i = 1, …, M 
and j = 1, …, N. 

After applying intensity segmentation with 
binarization, intensity function is converted into 
binary intensity function given by: 
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where Dth

ANISOTROPIC GAUSSIAN FILTER 

 is given by Otsu algorithm [7] or 
equivalent algorithm [8-10]. It represents thre-
shold sensitivity decision value. 

Currently, document text image is represen-
ted as binary matrix B featuring M rows by N 
columns. Consequently, it consists of the only 
black and white pixels where value 0 repre-
sents black pixels and value 1 white pixel. 

 

Establishing distinct areas that mutually 
separate text lines is the primary task of the 

optical character recognition (OCR) algorithm. 
After, definition of the text line representing 
the baseline of the handwritten text called 
reference text line is of the major importance.  

In this paper, algorithm based on the analogy 
with Gaussian probability density function (PDF) 
is established. This function given by [11]: 
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where x and µ are column vectors and Σ is 
covariance matrix. For 2D column vector x is 
given as: 
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while vector µ as: 
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Furthermore, covariance matrix Σ is given 

as: 
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while its determinant |Σ| as: 

 
2 2    .x yσ σ∑ =  (6) 

 
In eq. (5) and (6) σx and σy represent the 

standard deviation defining curve spread para-
meter and µx and µy represent the mean in x 
and y direction, respectively. However, eq. (2) 
is starting point for creating anisotropic kernel. 
Hence, converting Gaussian PDF into point 
spread function (PSF) creates anisotropic Gau-
ssian kernel. The idea of Gaussian smoothing 
is to use this 2-D distribution as a PSF. Since 
the image is stored as a collection of discrete 
pixels we need to produce a discrete appro-
ximation to the Gaussian function G(x) named 
G(i,j) before performing the convolution. 
However, the Gaussian distribution is non-zero 
everywhere, which would require an infinitely 
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large convolution kernel. In practice, it is 
effectively zero for more than about 3σx and 
3σy from the mean in x and y direction, re-
spectively. These values represent Gaussian 
threshold sensitivity level Lgtsx and Lgtsy. It 
truncates 3σx in x direction and 3σy in y 
direction of the kernel forming the ellipse. All 
pixels that belong inside ellipse form the same 
area with level higher than Lgtsx or Lgtsy

( , ) ( , ) ( , )  ,
P R

k P l R
X i j B i k j l G k l

=− =−

= + +∑ ∑

. 
Hence, anisotropic Gaussian kernel G(i,j) is 
defined by 2P+1 in x and 2R+1 in y directions.  

Converting all these pixels into the same 
region forms the areas named boundary growing 
areas. Boundary growing areas form control 
image with distinct objects that are prerequi-
site for the text segmentation as well as refe-
rence text line extraction of the document 
image. Matrix X is created by convolving the 
isotropic Gaussian kernel G with the image re-
presented by binary matrix B as follows [11]: 

 

 (7) 

 
where i is from P to M–P and j is from R to N–
R. Further, elements of matrix X is obtained as 
follows: IF X(i,j) ≠ 0 THEN X(i,j) = 1.  

 
ROTATED ANISOTROPIC GAUSSIAN FILTER 

Rotation of the anisotropic Gaussian kernel 
forms extended and rotated anisotropic Gaussian 
kernel E. Hence, proposed kernel extension is 
made by rotating anisotropic Gaussian kernel 
G for the angle φ. Due to the nature of ro-
tation, kernel is extended in x direction and di-
minished in y direction. This can be mathema-
tically described by the following relation: 
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where T represents transformation matrix 
given by: 
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Furthermore, new kernel dimensions are 

given as 2S+1 in x and 2T+1 in y direction, 
respectively. Difference between two kernels 
could be illustrated as in Figure 1.  

 

 
 

Fig. 1. Rotated and anisotropic Gaussian kernel. 
 
Main difference between original algorithm 

[11] and this approach is in text segmentation 
domain. Currently, matrix Y is defined by 
convolving the rotated anisotropic Gaussian 
kernel E with the matrix B as follows [12]: 
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(10) 

 
where i is from S to M–S and j is from T to N–
T. Further, elements of matrix Y is obtained as 
follows: IF Y(i,j) ≠ 0 THEN Y(i,j) = 1. 
 
TESTING 

Skew rate test experiment is mainly concerned 
with skew rate identification. It evaluates algorithm 
performance in skew tracking domain. Although, 
this experiment is primarily based on printed 
text, it is good prerequisite for testing hand-
written text as well. In our example, it is the only 
valid test. Practically, due to dynamic skewing 
of text any other test type will be out of effect.  

In this test, sample printed text rotated by the 
angle α from 0° to 90° by step of 5° around x-
axis is used [13]. It is presented in Fig. 2. 
Referent line of the test sample text is represen-
ted by: 

 
   .y ax b= +  (11) 

 

 
Fig. 2. Sample text rotated up to 90° by step of 5° 
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After applying any algorithm to sample text, 
referent text line estimation implies average 
position calculation of only black pixels in every 
column of document text image. It is calculated 
by [14-15]:  
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where xi is the point position of calculated re-
ferent text line, i is the number of column po-
sition of calculated referent text, yj is the position 
of black pixel in column j and U is the sum of black 
pixel number in specified column j of an image.  

After calculation, image matrix with only one 
black pixel per column is obtained. It defines es-
timated referent text line as well as text line 
skewness. This referent text line forms partly 
continuous referent text line. To achieve conti-
nuous linear referent text line, least square me-
thod is used. Function approximation by first-de-
gree polynomial is given as:  
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Furthermore m = 1, …, V, while V represents 
the total number of data points. It is used in 
relation for calculating the slope a’, and the y-
intercept b’ as follows [16]: 
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For algorithms approximation and evaluation, 

a quantity called relative error [17] is important. 
Referent line hit rate i.e. RLHR incorporates this 
quantity. It is defined as [13]: 
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where βref is arctangent from origin (11) i.e. a 
and βest is arctangent from estimated (13) i.e. a’.  

Obviously, RLHR is equal to 1-relative error [16-
17]. Now, the root mean square error RMSEskew is 
calculated by [13]: 
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where w = 1, …, W is the number of examined 
text rotating angles up to 90°, xw

ref is RLHR for 
βest equal to βref, due to normalization equal to 1, 
and xw

est is RLHR. 
 
RESULTS AND COMPARATIVE 
ANALYSIS 

In [18], optimized parameter set for the text 
attributes is proposed. This set is given by two 
parameters: P and λ. Furthermore, 2P+1 repre-
sents x dimension of the Gaussian kernel. Conse-
quently, λ represents the ratio of the y and x di-
mension of the Gaussian kernel i.e. y/x. Hence, y 
dimension of the Gaussian kernel is 2Kλ+1. In 
our case, for the rotated Gaussian kernel, P and 
R = Pλ are valid. Starting parameter set used for 
the evaluation and testing are:  

a) R = {10, 15, 20};  
b) λ = {2, 3, 4};  
c) φ  = {0°, 15°, 30°, 45°},  
where φ represents rotation angle. The results 

are shown in Table I-IV. 
 

TABLE I.  REFERENCE LINE HIT RATE FOR R=5 (IN %)* 

φ 0° 15° 30° 45° 0° 15° 30° 45° 0° 15° 30° 45° 

λ 2 3 4 

α R = 5 

5º 89.02 87.41 87.41 86.84 90.73 89.93 89.02 87.99 93.71 93.48 91.42 89.59 

10º 93.25 93.36 93.31 3.02% 94.55 94.61 94.27 93.70 96.09 96.31 95.46 94.61 

15º 95.37 95.45 95.41 95.26 96.19 96.34 96.19 95.78 96.98 97.31 96.98 96.45 

20º 96.10 96.18 96.18 96.13 96.62 96.81 96.76 96.51 97.09 97.44 97.33 96.98 

25º 96.70 96.78 96.78 96.80 97.00 97.23 97.23 97.13 97.25 97.60 97.64 97.47 

30º 96.83 96.93 96.95 7.00% 97.00 97.25 97.32 97.26 97.11 97.44 97.59 97.54 

35º 96.96 97.06 97.10 97.17 97.04 97.26 97.39 97.37 97.03 97.36 97.57 97.66 

40º 96.87 96.96 97.02 97.10 96.85 97.09 97.26 97.28 96.78 97.09 97.37 97.53 

45º 96.72 96.79 96.88 96.96 96.62 96.85 97.06 97.13 96.43 96.75 97.06 97.34 

50º 96.43 96.49 96.57 96.67 96.22 96.43 96.67 96.79 95.94 96.24 96.61 96.92 

55º 95.98 96.05 96.14 96.27 95.69 95.90 96.15 96.32 95.29 95.58 96.02 96.41 

60º 95.09 95.16 95.25 95.39 94.69 94.87 95.17 95.39 94.15 94.45 94.95 95.40 

65º 93.69 93.78 93.85 94.05 93.15 93.31 93.70 93.98 92.42 92.72 93.34 93.90 

70º 91.43 91.54 91.65 91.89 90.72 90.90 91.32 91.74 89.74 90.07 90.85 91.56 

75º 93.25 93.38 93.52 93.85 92.17 92.40 92.97 93.54 90.74 91.13 92.18 93.14 

80º 78.72 78.87 79.03 79.59 77.18 77.49 78.21 78.94 75.27 75.71 77.04 78.25 

RMSEseg 0.284 0.281 0.278 0.273 0.297 0.291 0.281 0.274 0.319 0.309 0.290 0.276 

* columns with φ = 0º represents anisotropic Gaussian kernel 
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TABLE II.  REFERENCE LINE HIT RATE FOR R=10 (IN %)* 

φ 0° 15° 30° 45° 0° 15° 30° 45° 0° 15° 30° 45° 

λ 2 3 4 

α R = 10 

5º 93.48 92.91 91.42 90.27 97.25 96.68 95.65 93.48 97.48 98.05 97.71 95.88 

10º 95.75 95.97 95.35 94.84 97.33 97.62 97.33 96.48 97.56 98.13 98.13 97.45 

15º 96.8% 97.0% 96.7% 96.49 97.65 98.06 98.02 97.57 97.65 98.28 98.43 98.17 

20º 96.98 97.25 97.11 96.98 97.47 97.86 97.99 97.75 97.33 98.02 98.30 98.13 

25º 9.19% 97.45 97.47 97.38 97.43 97.77 98.07 98.01 97.21 97.90 98.31 98.26 

30º 97.07 97.32 97.45 97.38 97.16 97.52 97.89 97.92 96.81 97.51 98.01 98.11 

35º 97.02 97.26 97.43 97.46 96.93 97.36 97.74 97.99 96.53 96.67 97.71 98.21 

40º 96.81 97.01 97.25 97.32 96.57 96.98 97.43 97.66 96.08 96.76 97.41 97.77 

45º 96.49 96.70 96.96 97.11 96.10 96.54 97.02 97.40 95.51 96.21 96.91 97.44 

50º 96.00 96.20 96.52 96.68 95.44 95.89 96.43 96.88 94.69 95.42 96.22 96.86 

55º 95.37 95.58 95.95 96.13 94.60 95.08 95.69 96.25 93.67 94.45 95.32 96.14 

60º 94.22 94.45 94.86 95.09 93.18 93.71 94.43 94.84 90.87 92.87 93.86 94.88 

65º 92.51 92.76 93.25 90.00 91.14 91.69 92.53 93.41 89.64 90.59 91.71 92.97 

70º 89.82 90.11 90.74 91.15 88.05 88.62 89.64 90.77 86.09 87.16 88.47 90.08 

75º 90.83 91.17 92.03 92.57 88.30 88.93 90.23 91.79 85.51 86.78 88.39 90.58 

80º 75.38 75.73 76.80 77.46 72.09 72.73 74.20 76.11 68.65 77.79 71.67 74.25 

RMSEseg 0.318 0.310 0.295 0.297 0.361 0.346 0.321 0.295 0.416 0.329 0.354 0.314 

* columns with φ = 0º represents anisotropic Gaussian kernel 

 
TABLE III.  REFERENCE LINE HIT RATE FOR R=15 (IN %)* 

φ 0° 15° 30° 45° 0° 15° 30° 45° 0° 15° 30° 45° 

λ 2 3 4 

α R = 15 

5º 96.22 96.57 95.65 94.28 97.37 98.17 98.05 97.14 97.14 99.08 99.89 98.86 

10º 97.22 97.50 97.28 96.71 97.50 98.24 98.13 97.90 97.22 98.41 99.04 98.75 

15º 97.65 97.91 97.95 97.65 97.57 98.32 98.39 98.32 97.20 98.32 98.39 98.32 

20º 97.44 97.75 97.88 97.72 97.28 98.02 98.24 98.19 96.81 97.91 98.54 98.65 

25º 97.45 97.77 98.01 97.90 97.15 97.86 98.24 98.28 96.59 97.64 98.43 98.65 

30º 97.16 97.49 97.80 97.80 96.73 97.45 97.96 98.08 96.07 97.09 98.06 98.37 

35º 96.97 97.32 97.66 97.76 96.40 97.14 97.70 97.99 95.64 96.67 97.71 98.21 

40º 96.60 96.97 97.35 97.52 95.90 96.63 97.28 97.70 94.98 96.03 97.18 97.88 

45º 96.16 96.53 96.97 97.23 95.25 96.02 96.74 97.36 94.19 95.27 96.50 97.49 

50º 95.49 95.90 96.37 96.69 94.36 95.16 95.97 96.70 93.09 95.16 95.97 96.70 

55º 94.68 95.09 95.62 96.02 93.28 94.11 95.02 95.89 91.75 92.96 94.39 95.79 

60º 93.26 93.71 94.34 94.84 91.52 92.40 93.46 94.52 89.63 90.94 92.54 94.26 

65º 91.22 91.70 92.43 93.05 89.01 89.94 91.16 92.47 86.66 88.05 89.86 91.91 

70º 88.11 88.63 89.52 90.31 85.22 86.26 87.68 90.31 82.26 83.76 85.86 88.37 

75º 88.36 88.92 91.15 92.18 84.25 85.43 87.18 89.41 80.20 81.87 84.46 87.72 

80º 72.12 72.63 73.97 75.27 67.04 68.17 70.04 72.71 62.29 63.82 66.55 70.20 

RMSEseg 0.360 0.347 0.322 0.303 0.437 0.411 0.376 0.332 0.516 0.477 0.425 0.364 

* columns with φ = 0º represents anisotropic Gaussian kernel 

 
 
 
 
 
 
 
 

TABLE IV.  REFERENCE LINE HIT RATE FOR R=20 (IN %)* 
φ 0° 15° 30° 45° 0° 15° 30° 45° 0° 15° 30° 45° 

λ 2 3 4 

α R = 20 

5º 97.03 97.71 97.60 96.68 97.14 98.97 99.66 99.08 96.68 100.11 102.52 102.63 

10º 97.33 97.84 97.96 97.62 97.22 98.30 98.87 98.81 96.65 98.70 100.00 100.34 

15º 97.61 98.02 98.28 98.10 97.24 98.17 98.81 98.88 96.60 98.28 99.40 99.85 

20º 97.36 97.83 98.08 97.99 96.87 97.83 98.54 98.65 96.13 97.75 98.74 99.26 

25º 97.28 97.77 98.07 98.07 96.63 97.60 98.33 98.54 95.78 97.38 98.48 99.03 

30º 96.90 97.32 97.45 97.38 96.12 97.52 97.89 97.92 95.13 97.51 98.01 98.11 

35º 96.66 97.17 97.59 97.74 95.70 96.67 97.60 98.06 94.56 96.14 97.51 98.33 

40º 96.20 96.71 97.21 97.41 95.05 96.06 97.08 97.68 93.73 95.32 96.83 97.88 

45º 95.62 96.16 96.74 97.02 94.27 95.29 96.42 97.21 92.70 94.32 95.93 97.31 

50º 94.81 95.40 96.01 96.40 93.18 94.24 95.49 96.48 91.35 92.99 94.77 96.48 

55º 93.83 94.45 95.15 95.65 91.86 92.96 94.31 95.55 89.66 91.37 93.29 95.34 

60º 92.20 92.87 93.65 94.30 89.75 90.95 92.47 93.97 87.13 88.92 91.07 93.48 

65º 89.85 90.58 91.46 92.28 86.78 88.07 89.79 91.57 83.61 85.48 87.84 90.69 

70º 86.27 87.09 88.12 89.18 82.35 83.76 85.75 87.93 78.45 80.44 83.10 86.52 

75º 85.64 86.64 87.91 89.33 80.25 81.83 84.29 87.15 75.12 77.32 80.43 84.79 

80º 68.60 69.62 70.99 72.70 62.24 63.70 66.31 69.49 56.56 58.55 61.63 66.26 

RMSEseg 0.411 0.390 0.364 0.338 0.515 0.479 0.429 0.375 0.615 0.563 0.498 0.417 

* columns with φ = 0º represents anisotropic Gaussian kernel 
 

From the all above results it should be 
noted that skew identification by algorithm 
incorporating rotated anisotropic Gaussian kernel 
is more efficient compared to the one without 
rotation. Consequently, the skew rate identifi-
cation is efficient up to 70°. Hence, compared 
to the original algorithm the efficient identifi-
cation of the angle α is extended from 60° to 
70° (See Table I-IV for reference). This is also 
evident in Fig. 3 and 4. Fig. 3 shows the incor-
poration of the rotation angle φ = {0°, 15°, 30°, 45°} 
as well as its improvement for the skew rate 
identification measured by RLHR. Further-
more, Fig.4 represents RMSE of the skew 
identification for the R = 15 and λ = {2, 3, 4}. 

0 10 20 30 40 50 60 70 80
0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

α

|it
R

LH
R

 (K
=1

5,
 λ

=3
)

θ=0
θ=15
θ=30
θ=45

 
Fig. 3. RLHR for the given parameters:  

θ ={0°, 15°, 30°, 45°}, R = 15, λ=3 
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Fig. 4. RMSEskew for R = 15 and λ ={2, 3, 4} 

 
CONCLUSION 

In this paper, an approach to Gaussian kernel 
algorithm for skew identification is presented. 
The proposed method assumes creation of 
boundary growing area around text based on 
Gaussian kernel algorithm extended by rotation. 
Algorithm quality and robustness is examined by 
skew rate test [14]. Results are evaluated by 
RMSE method. All results are presented and 
compared with the anisotropic Gaussian kernel 
method without rotation. The strength of this 
approach in skew rate identification is mandatory. 
Its improvement is based on the expansion of the 
growing areas under specified angle around the 
text. 
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