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Abstract. In this work, a new problem of script identi�cation named
artistic multi-character script identi�cation has been addressed. Two
types of datasets of artistic documents/images prepared with Bangla,
Devanagari and Roman script have been used: one is real life artis-
tic multi-character script image and another is synthetic artistic multi-
character script image. After binarization using Otsu's algorithm, some
character images found to be broken into components. To overcome this,
a novel iterative isotropic dilation algorithm is proposed here to con-
vert the components into a single component object. Then two types
of features, namely shape based and texture based features have been
considered. Discrete Gabor wavelet has been exploited with 2 scales and
4 orientations for texture feature extraction and PCA is used to reduce
the dimensionality of the texture feature space. The performance of the
proposed algorithm has been tested with di�erent machine learning clas-
si�ers and promising accuracy has been observed considering the inherent
complexity of the artistic multi-script documents.

Keywords: Script identi�cation, Multi-character script, Otsu's bina-
rization method, Random forest, Multilayer perceptron.

1 Introduction

Since last decade Script identi�cation [1] - [8] has come up with a very inter-
esting research topic which is the precursor to OCR [9], is one of the promising
domain of research in the �eld of image processing and pattern recognition.
Many methods have been proposed for automatic identi�cation of script identi-
�cation in di�erent phases like block level, word level, line level, etc. and many
combinations like bi-script [10], tri-script [11] and multi-script [12] [13] scenario.
Di�erent characters in di�erent scripts have attributes which causes di�culty in
character recognition of multi-script word and it is not possible to devise a uni-
versal approach and technique to get better performance in OCR. The countries
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like India, where multilingual with a multi-script written people live, developing
a generalized OCR for all Indus Script is not possible due to di�erent graphic
symbols in the script. Moreover, script identi�cation, i.e. a particular language
belongs to which script is itself a complicated work. So, designing a preprocessor
of script identi�cation system �rst, then script speci�c OCR can be applied.
Script identi�cation has progressed, but is not the same when we talk about
artistic documents. It is one of the interesting problems which yet to get proper
attention from the researchers, though the presence of not only mixing of scripts
along with wide variation in style, size, color texture etc. but mixing of scripts
individual word makes it a more interesting problem. For example, see �gure2.
Section 2 describes the review of literature in script identi�cation. Section 3 de-
scribes data collection and preprocessing. In section 4 feature extractions has
been discussed and in section 5 experimental results have been shown. Contri-
bution in this work includes by collecting the multi-script images from dif-ferent
places and broken component within images have been connected by our algo-
rithm iterative isotropic dilation.

Fig. 1: Flowchart of our proposed work.

2 Literature Review

In [14] D. Dhanya et.al. classify the scripts at the word level, in a bilingual
document consisting of Roman and Tamil scripts with various fonts assuming
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each word contains at least four patterns. Though quite a few English words do
not meet this requirement, the probability of getting such words, in a bilingual
Tamil document with discrete English words, is quite low. This problem has
been treated in two ways. In the �rst way, distinct spatial zones have been con-
sidered for each word. The spatial stretch in upper and lower zones and with the
density of a word has been considered and in second way the directional energy
distribution of a word using Gabor �lters used to identify the script.
In [15] D. Dhanya et.al. proposed a hierarchical feature extraction technique
for ac-knowledgment of printed Tamil and Roman text. Features have been
computed by extraction of some spatial structural features from the geometric
moments, DCT based features and Wavelet transform based features. A linear
transformation is used on the subsets for feature space representation by PCA
and maximization of Fisher's ratio and maximization of divergence measure.
This method obtains good accuracy as a result of the transformations.
Peeta Basa Pati et al. [16], have used a Gabor function based multichannel direc-
tional �ltering approach for both text area separation and script identi�cation
at the word level.
S. Mohanty et.al. [17] proposed a work to distinguish between Roman script and
Oriya script. They used dynamic thresholding technique for binarization and
histo-gram analysis through horizontal and vertical projection used for segmen-
tation. By chain code method the structural features are extracted and by rule
based methods the classi�cation is done.
U.Pal et.al. discussed in [18] the problem of segmenting and recognizing the
complex documents of Bangla and Devanagari with text line having curved and
with di�erent orientations. They used convex hull and reservoir principle for seg-
menting characters with the help of candidate envelope points and after dividing
the character into di�erent zones, circular and convex hull features are extracted
which are fed to SVM classi�ers and obtained a very good recognition rate.

3 Data Collection and Preprocessing

Data collection is very important in any pattern recognition problem as from
developing the algorithm to validation of the system all depends on the quality
and variety of the data. So, for the current problem we need a database which
is not only very good in size, but it contains all possible variations from not
only font, size and color variations but their combinations considering texture
and scripts considered for the present work. But, the hardcore reality is they are
very di�cult to collect. To overcome the same in the proposed work we aren't
only planning to collect data from all possible sources to cover the above men-
tioned variations but also generate synthetic data bridge the gap.
In the proposed work, we plan to consider Bangla, Devnagari and Roman scripts
under the tri-script formula as described in [1]. English language is an interna-
tional language. It is a successor of the primordial Proto-Indo-European lan-
guage family unit. About 340 million people in our country use this language as
a communication and education medium. Hindi is the one of the most popular
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languages in India. In India about 200 million people, mainly residing in north-
ern and western part use this language as their communication medium. Bangla
or Bengali language is one of the most popular languages in India. It is spoken
by 190 million of the population of India living mainly in the state of West Ben-
gal. The Hindi and Bengali both languages originate from the Indo-European
language family.
Till now a database of 30 real world images are collected and a total of 300
synthetic word images are generated. The images are collected from hoarding,
festoon, placard, banner, wall writing, newspaper advertisement, t-shirts gra�ti
etc. using mobile phones, camera etc. The mobile cameras used for the same
varied from 8 MP to 16 MP and DSLR still camera (Nikon D3300) having 24.2
MP resolution and 18-55 mm lens. Around 1033 characters have been extracted
from the real and synthetic database where 306 Bangla, 439 Roman and 288
Devanagari scripts.
Some sample images of our dataset are shown in �gure 2. Some of the images
are simply written with a single script (Roman) as shown in (a). Whereas in
(b) image was collected from a T-shirt where two words are written with dif-
ferent scripts (Roman and Devanagari), in another case (c) image was collected
from of a movie title where a single word written with two scripts ( Devanagari
and Roman), in (d) image was taken from a hoarding of library where a upper
word written with two scripts (Bangla and Roman) and lower word is written
in Roman only, in (e) image was taken from a newspaper cut out where a single
word written with two scripts ( Bangla and Roman), in (f) image was captured
from hoarding of a Biriyani shop where a single word written with two scripts
( Bangla an Roman) and other line is written with single script ( Bangla) and
also with di�erent size, in (g) image was collected from a movie title of a movie
where upper part is written with a single script (Bangla) and lower part is writ-
ten with two di�erent script ( Bangla an Roman) and also there is variations in
color between the scripts, in (h) the image was captured from logo of company
where the image is not only written with di�erent scripts ( Devanagari, Roman)
but also it is written artistic way.
From these images it has been seen that the images have, not only in variations
in color, size, fonts, textures, but also the backgrounds have wide variation like
bag, T-shirt, wall etc. In this scenario, detecting region of interest automatically
is a very complicated task. So, to make this step simple, we detect the ROI
manually.
After collecting the images we have used Otsu [19] based binarization method
to convert into a binary image after converting to gray image. Prior to that
we have ex-tracted the ROI and segmented the images into characters. In our
database, the words are formed by bi-script characters. Considering 3 di�erent
scripts Bangla, Devanagari and Roman, the words are formed by Bangla with
Devanagari, Devanagri with Roman and Roman with Bangla or in other words,
there are

(
3
2

)
combinations of script in word formation. After manual segmenta-

tion, we separated each character into its corresponding script class.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 2: Shows some sample images from our database.
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(a) (b) (c)

(d) (e) (f) (g) (h) (i)

(j) (k) (l) (m) (n) (o) (p)

Fig. 3: Figure (a), (b), (c) shows ROI extraction of real images and (d), (e), (f),
(g), (h), (i), (j), (k), (l), (m), (n) are the binarized and segmented character
images.

During binarization, we found that some of the images are very well binarize
or converted to two tone images, but in some cases it is found that the characters
are broken into parts which needs to be connected to get proper results. Here we
have used novel iterative isotropic dilation algorithm to join the broken parts.
Isotropic dilation is the technique of thresholding the distance transform.This
algorithm uses connected component labelling [20][21] and �ood �ll algorithm
[22] to �nd out number connected component object and Euclidean distance
transform [23] algorithm to make the components join with changing the thresh-
old value.

Algorithm 1 Iterative Isotropic Dilation

Input: Binary_ Image, Number_of_connected_component
i. N= Number_of_connected_component
ii. Initialize t=0
iii. If (N>1) then go to step (iv)
iv. Repeat Step (v) to (vi) until N= =1
v. Binary_Image = Euclidean distance transform <=t
vi. t=t+0.1
vii. update N
Output: Joined Binary_Image.
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(a) (b) (c) (d)

Fig. 4: Figure (a), (b) are the broken binarized character images and �gure (c),
(d) are the images after the iterative isotropic dilation algorithm has been applied

From �gure 4(c) and 4(d), we can see the broken parts of the characters are
joined by only a single pixel. In this algorithm, by changing the threshold value t
by 0.1, the Euclidean distance transformed value also changed and at some value
of the threshold the number of components will be 1 and the iterative isotropic
dilation algorithm will stop executing and we get joined images as shown in �g-
ure 4(c) and 4 (d).
Next, we have normalized the characters into a prede�ned size of [32, 32]. This
was done to avoid size variation of the images as explained in section 3. Next,
the thinning of the character images has been done using Zhang-Suen thinning
algorithm [24]. This thinning algorithm consists of 2 phases. First phase to re-
move south-west pixels and second phase to remove north-west pixels and these
phases are iterated if any pixels remain to remove.

4 Feature Extraction

Feature extraction is an important pattern recognition task. Features should be
robust enough to di�erentiate the scripts and at the same time it should be
easily computable. In this paper, we have used feature based on the shape and
texture to identify the scripts.

4.1 Shape Based Features

The shape based properties [25] used in shape perceptive along with their details
are reviewed. Shape feature is extremely useful in many image databases and
pattern matching applications
The simple geometric features can categorize shapes with large di�erences. The
features computed based on shape are area, major axis length, minor axis length
etc. which are explained below. These features are selected with the assumption
that they will be simple to compute at the same time we will be able to distin-
guish the inputs. To compute the features we have separated the images into 4
parts from the Center of Mass [26]. The Center of Mass is selected as a segmen-
tation point, so the every quadrant contains su�cient numbers of object pixels,
so that we can extract proper feature from the images.
a. Area: This scalar feature measures number of pixels in the region of the
whole image.
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b. Major Axis Length: Returns a scalar value as the major axis of the ellipse
that has the same normalized second central moments as the region, formed
around the object.
c. Minor Axis Length: Returns a scalar value as the minor axis of the ellipse
that has the same normalized second central moments as the region, formed
around the object.
d. Eccentricity: The eccentricity which has the same second-moments as the
region is the ratio of the distance between the foci of the ellipse and its major
axis length.
e. Orientation: This scalar value represents the angle between the major axis
and x axis of the ellipse that has the same second-moments as the region.
f. Convex Area: this scalar quantity denotes the number of pixels in convex
image.
g. Euler Number: Euler number is a scalar value calculated as the number of
objects in the region minus the number of holes in those objects.
h. Equiv Diameter: Returns a scalar can be represented as the diameter of a
circle with the same area as the region.
i. Solidity: Returns a scalar representing the proportion of the pixels in the
convex hull that are also in the region.
j. Extent: A scalar value which can be calculated as the Area/ the area of the
bound-ing box.
k. Perimeter: A scalar represents the distance between each neighboring pair
of pix-els around the border of the region.
l. Circularity ratio: This is the ratio of the area of a shape to the area of the
bounding circle.

(a)

Fig. 5: The real part of Gabor wavelet having 2 scales and 4 orientation of 0°,45°,
90°, 145°.
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4.2 Texture feature

Texture features describe the contents of an image or a region of an image and
give important low level features and mean oriented energy. Discrete Gabor
wavelet is a oriented �lter and returns mean oriented energy as a texture feature
[27][28].
The discrete Gabor wavelet transform on an image I(x, y) having dimension m
X n can be represented as

G(x, y) =
∑
s

∑
t

I(x− s, y − t)ψpq∗(s, t) (1)

Where s, t are the �lter mask sizes.ψ∗ is the complex conjugate of ψ which is
a self similar function generated from dilation and rotation of the mother wavelet
ψ, can be represented as

ψ(x, y) = (
1

2πσxσy
) exp(

−1
2

(
x2

σ2
x

+
y2

σ2
y

)) exp(2πjWx) (2)

The self-similar Gabor wavelets are obtained through the generating function

ψpq(x, y) = a−pψ(x′, y′) (3)

Where p denotes scale and q denotes orientations and

x′ = a−p(x cos θ + y sin θ) (4)

and
y′ = (−x sin θ + y cos θ) (5)

for a>1 and
θ =

πq

Q
(6)

After applying Gabor �lters on the image with di�erent orientation at dif-
ferent scale, the energy content is calculated using

E(p, q) =
∑
x

∑
y

|Gpq(x, y)| (7)

2-D Gabor �lter with modulation frequency W can be represented as

G(x, y) = gσ exp(2πjW (x cos θ + sin θ)) (8)

where

gσ(x, y) = (
1

2πσxσy
) exp(

−1
2

(
x2

σ2
x

+
y2

σ2
y

)) (9)

The parameters θ and σ denotes orientation and scale of Gabor �lters. For
di�erent values of these parameters features can be obtained.
A total of 512 Features has been extracted using Gabor wavelet. But to use
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this huge dimension of feature is very challenging an many of the features are
redundant. So to minimize the feature dimension and preserve the diversity of
feature intake we have reused the feature dimension.
Feature dimensionality reduction is one of the challenging problems in pattern
recognition and there are a number of algorithms like PCA [29], kernel PCA
[30], LDA [31] , GDA [32] etc. for the same.
Here we have used PCA as it uses eigenvectors of the covariance matrix of the
feature set which are easily computable. Here we have retained our Gabor feature
set of 40. From shape based feature, 12 features are obtained and as we have
divided the characters into 4 parts from the center of mass point as discussed in
section 4.1, the features are extracted from the 4 parts of a character and from
the character itself, makes 5 X 12 = 60 shape based features. So, in total 40
(Gabor wavelet) + 60 (shape based) = 100 features are extracted.

5 Experiments

5.1 Evaluation protocol

In this work, for evaluating the performance of our method, 10 fold cross valida-
tion (CV) has been used. In this 10-fold method, we divide the dataset into 10
equal sized parts. From 10 parts, training and testing sets are chosen. One part
is chosen as the testing and remaining 9 parts chosen as the training and this
process is repeated for all parts and result is obtained by averaging all results.
The performance parameter metrics have been used are Correct Recognition
Rate (CRR), kappa static, Root Mean Square error (RMSE) can be de�ned as
follows.

CRR =
(#correctly identified character images)

(#total character images)
∗ 100% (10)

The Kappa statistic compares an observed accuracy with an expected accuracy.
Ex-pected accuracy can be de�ned as the accuracy that any random classi�er
would be anticipated to realize based on the confusion matrix.

Kappa =
(observed accuracy − expected accuracy)

(1− expected accuracy)
(11)

Another metric Root mean square error (RMSE) can be de�ned as

RMSE =

√∑M
m=1

∑N
n=1 I(x− s, y − t)
MN

(12)

Where I (x, y) and T (x, y) stand for reference and target image of size M X N
respec-tively.
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Table 1: Classi�ers with di�erent parameters.

Classi�er CRR Kappa Statistic Root Mean Square Error

Random Forest 93.18 0.8959 0.2731
Majority Voting 92.20 0.8815 0.2089
Simple Logistic 90.90 0.862 0.214
MLP 90.90 0.8618 0.2462

5.2 Result & Analysis

During experimentation, performance of di�erent well known classi�ers namely
random forest [33], majority voting [34], simple logistic [35] and multilayer per-
ceptron (MLP) [36][37] were considered.

From the table, we found that the best result is obtained using random Forest
of 93.18% recognition rate followed by Majority Voting, MLP, Simple Logistic
and it is observed that MLP and Simple Logistic and gives the same recognition
rate. The oth-er parameter values for Random Forest i.e. Kappa Statistic and
Root Mean Square Error are 0.8959 and 0.2731 respectively.

From table1 it can be observed that using Random Forest, Majority Vot-
ing, MLP and Simple Logistic the mis-classi�cation rates are obtained 6.81,7.79,
9.09, 9.09 respec-tively and RMS errors we get 0.2731, 0.2089,0.214,0.2462 re-
spectively. In table2 we tabulate the confusion matrix of the highest performer
classi�er on our dataset.

Table 2: Confusion Matrix for the highest accuracy rate of Bi-script identi�cation
using Random Forest.

Bangla Devanagari Roman

Bangla 291 3 12
Devanagari 32 252 4
Roman 18 4 417

From table2 it has been seen that 291 characters out of 306 has been correctly
classi-�ed as Bangla characters, 3 characters as Devanagari and 12 as Roman. In
case of devanagari script, 252 characters out of 288 have been correctly identi�ed
as Devangari but 32 have been identi�ed as Bangla script and 3 as Roman script.
For Roman characters, 417 out of 439 have been correctly classi�ed as Roman
but 22 characters have been misclassi�ed and out of 22, 18 characters have been
seen in Bangla class and 4 in Devanagari class.
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6 Conclusion

A new problem of script identi�cation, from artistic multi-script characters has
been addressed in this work. Such problem has inherent complexities in terms of
character size, color, texture, pattern, orientation and sometimes heterogeneous
background making the problem really challenging. Using some structural and
texture based features we found an average accuracy of 93.18% applying random
forest classi�er. The result is promising observing the inherent complexity of the
said problem.

Availability of standard dataset is an issue for this type of work. At present we
have considered both synthetic and natural images for the experiment. In future,
we would like to extend our dataset by incorporating more natural artistic im-
ages. Proposing some novel script dependent features to improve the recognition
accuracy is also in our plans.
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