
S. DALAL et al: A SURVEY FOR FEATURE EXTRACTION METHODS IN HANDWRITTEN . . .  

IJSSST, Vol. 10, No. 3                                                                                                 ISSN: 1473-804x online, 1473-8031 print 
 

1

A Survey for Feature Extraction Methods in Handwritten Script Identification 
 

Ms. Snehal Dalal 
P.C.E, Nagpur,India 

dalal_snehal@rediffmail.com 

Mrs. Latesh Malik 
G.H. R.C.E, Nagpur, India 

lgmalik@rediffmail.com 
 
Abstract - Feature extraction is one of the basic function of handwritten Script Identification. It involves measuring those features 
of the input pattern are relevant to classification . This paper provides a review of these advances . The aim is to provide an 
appreciation for the range of techniques that have been developed rather than to simply list sources. Various types of features 
proposed for handwritten script identification include horizontal and vertical histogram , curvature information and local extreme 
of curvature, topological features such as loops group of white pixels surrounded by black ones ,dots a cluster of say 1-3 pixels and 
junction is a point with more than 2 neighbours all in thinned black and white images, Parameters of polynomial, Contour 
information where contours is the outside boundary of a pattern, PCA is a way of identifying and expressing pattern in data.  
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I. INTRODUCTION 
 
A. The Role of Feature Extraction 
 
 Feature is synonymous of input variable or attribute. 
Finding a good data representation is very domain 
specific and related to available measurements. In medical 
diagnosis example, the features may be symptoms, that is, 
a set of variables categorizing the health status of a patient 
(e.g. fever, glucose level, etc.). Human expertise, which is 
often required to convert “raw” data into a set of useful 
features, can be complemented by automatic feature 
construction methods. In some approaches, feature 
construction is integrated in the modeling process. For 
examples the “hidden units” of artificial neural networks 
compute internal representations analogous to constructed 
features. In other approaches, feature construction is a 
preprocessing. To describe preprocessing steps, let us 
introduce some notations. Let x be a pattern vector of 
dimension n, x = [x1, x2, ...xn]. The components x′ of this 
vector are the original features where x′ a vector of 
transformed features of dimension n′. Preprocessing 
transformations may include: 
Standardization: Features can have different scales 
although they refer to comparable objects. Consider for 
instance, a pattern x = [x1, x2] where x1 is a width 
measured in meters and x2 is a height measured in 
centimeters. Both can be compared, added or subtracted 
but it would be unreasonable to do it before appropriate 
normalization. The following classical centering and 
scaling of the data is often used: x′i= (xi−µi)/σi , where µi 

and are σi the mean and the standard deviation of feature 
xi over training examples. 
Normalization: Consider for example the case where x is 
an image and the xi’s are the number of pixels with color 
i, it makes sense to normalize x by dividing it by the total 
number of counts in order to encode the distribution and 

remove the dependence on the size of the image. This 
translates into the formula: x′ = x/||x|| 
Signal enhancement: The signal-to-noise ratio may be 
improved by applying signal or imageprocessing filters. 
These operations include baseline or background removal, 
de-noising, smoothing, or sharpening. The Fourier 
transform and wavelet transforms are popular methods. 
Extraction of local features: For sequential, spatial or 
other structured data, specific techniques like convolution 
methods using hand-crafted kernels or syntactic and 
structural methods are used. These techniques encode 
problem specific knowledge into the features. 
Linear and non-linear space embedding methods: 
When the dimensionality of the data is very high, some 
techniques might be used to project or embed the data into 
a lower dimensional space while retaining as much 
information as possible. Classical examples are Principal 
Component Analysis (PCA) and Multidimensional 
Scaling (MDS) .The coordinates of the data points in the 
lower dimension space might be used as features or 
simply as a means of data visualization. 
Non-linear expansions: Although dimensionality 
reduction is often summoned when speaking about 
complex data, it is sometimes better to increase the 
dimensionality. This happens when the problem is very 
complex and first order interactions are not enough to 
derive good results. This consists for instance in 
computing products of the original features xi to create 
monomials xk1xk2 ...xkp . 
Feature discretization. Some algorithms do not handle 
well continuous data. It makes sense then to discretize 
continuous values into a finite discrete set. This step not 
only facilitates the use of certain algorithms, it may 
simplify the data description and improve data 
understanding . 
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II. FEATURE EXTRACTION 
 
 We are decomposing the problem of feature 
extraction in two steps. First feature construction and 
second is feature selection 
 
A. Feature Construction 
 
 Feature construction is one of the key steps in the 
data analysis process ,largely conditioning the success of 
any subsequent statistics or machine learning endeavor. In 
particular, one should beware of not losing information at 
the feature construction stage. It may be a good idea to 
add the raw features to the preprocessed data or at least to 
compare the performances obtained with either 
representation. The medical diagnosis example that we 
have used before illustrates this point. Many factors might 
influence the health status of a patient. To the usual 
clinical variables (temperature, blood pressure, glucose 
level, weight, height, etc.), one might want to add diet 
information (low fat, low carbonate, etc.), family history, 
or even weather conditions. Adding all those features 
seems reasonable but it comes at a price: it increases the 
dimensionality of the patterns and thereby immerses the 
relevant information into a sea of possibly irrelevant, 
noisy or redundant features. 
 
B. Feature Selection 
 
 Feature selection is primarily performed to select 
relevant and informative features, it can have other 
motivations, including: 
1. general data reduction, to limit storage requirements 
and increase algorithm speed. 
2. feature set reduction, to save resources in the next 
round of data collection or during utilization; 
3. performance improvement, to gain in predictive 
accuracy; 
4. data understanding, to gain knowledge about the 
process that generated the data or simply visualize the 
data 
 There are four aspects of feature extraction: 
 - feature construction; 
 - feature subset generation (or search strategy); 
 - evaluation criterion definition (e.g. relevance 
 index or predictive power); 
 - evaluation criterion estimation (or assessment 
 method). 
 The last three aspects are relevant to feature 
selection and are schematically summarized in Figure 1. 
 
 

 
a) Filter 

 

b) Wrappers 

 

c) Embedded Methods 

Fig. 1. The three principal approaches of feature selection. The 
shades show the components used by the three approaches: a) filters 
b) wrappers and c) embedded methods. 

 
 Filters and wrappers differ mostly by the evaluation 
criterion. It is usually understood that filters use criteria 
not involving any learning machine, e.g. a relevance index 
based on correlation coefficients or test statistics, whereas 
wrappers use the performance of a learning machine 
trained using a given feature subset. Both filter and 
wrapper methods can make use of search strategies to 
explore the space of all possible feature combinations that 
is usually too large to explored exhaustively Yet filters are 
sometimes assimilated to feature ranking methods for 
which feature subset generation is trivial since only single 
features are evaluated . Hybrid methods exist, in which a 
filter is used to generate a ranked list of features. On the 
basis of the order thus defined, nested subsets of features 
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are generated and computed by a learning machine, i.e 
.following a wrapper approach. Another class of 
embedded methods incorporate feature subset generation 
and evaluation in the training algorithm. The last item on 
the list, criterion estimation difficulty to overcome is that 
a defined criterion (a relevance index or the performance 
of a learning machine) must be estimated from a limited 
amount of training data. Two strategies are possible: 
“insample” or “out-of-sample” The first one (insample) is 
the “classical statistics” approach. It refers to using all the 
training data to compute an empirical estimate. That 
estimate is then tested with a statistical test to assess its 
significance, or a performance bound is used to give a 
guaranteed estimate. The second one (out-of-sample) is 
the “machine learning” approach. It refers to splitting the 
training data into a training set used to estimate the 
parameters of a predictive model (learning machine) and a 
validation set used to estimate the learning machine 
predictive performance. Averaging the results of multiple 
splitting (or “crossvalidation”) is commonly used to 
decrease the variance of the estimator. 
 

III. METHODS FOR FEATURE EXTRACTION 
 
A.  Horizontal and Vertical Histogram 
 
 Horizontal and Vertical Histogram technique is one 
the handwritten script identified technique which uses the 
Matra/Shirorekha based feature, In this technique longest 
horizontal run of black pixels on the rows of a Bangla text 
word will be much longer than that of English script(3). 
This is so because the characters in a Bangla word are 
generally connected by matra/Shirorekha (see Fig.2). 
Here row-wise histogram of the longest horizontal run is 
shown in the right part of the words. This information has 
been used to separate English from Bangla script. Matra 
feature is considered to be present in a word, if the length 
of the longest horizontal run of the word satisfies the 
following two conditions: (a) if it is greater than 45% of 
the width of a word, and (b) if it is greater than thrice of 
the height of busy-zone. 
 

 

Fig. 2. The matra/Shiroreka feature in Bangla and English words 

 
 
 
 

B. Curvature Information and Local Extreme of 
Curvature 
 
 Curvature information gives a unique, viewpoint 
independent description for local shape(12). In differential 
geometry, it is well known that a surface can be 
reconstructed up to second order (except for a constant 
term) if the two principal curvatures at each point is 
known, by using the first and second fundamental forms 
Therefore, curvature information provides a useful shape 
descriptor for various tasks in computer vision, ranging 
from image segmentation and feature extraction, to scene 
analysis and object recognition. In the field of handwritten 
alphanumeric character recognition , many researcher use 
different method for recognition such as geometrical and 
topological feature , statistic feature , and other algorithms 
to perform recognition based on character shape. But for a 
good handwritten recognition system depends on main 
two attributes, first selected feature gathering from a 
handwritten character, second the recognizers that trained 
to remember feature of each character in order to cluster 
and recognize each input character. In curvature 
information handwritten character is used as a sequence 
of curve segments. Each curve segment is characterized 
by its degree of curvature which is measure by the 
cumulative angle difference from all sampling points with 
in the segments. If the cumulative is minus, it is a 
clockwise curve. Since some characters may consist of the 
same number of segments with the same curve (ex. one 
segment with clockwise curve) other features of segments 
are gathering to distinguish these characters. 
 
C. Topological Features 
 
 Topological features such as loops is a group of 
white pixels surrounded by black ones ,end points is 
point with exactly 1 neighboring point ,dots a cluster 
of say 1-3 pixels and junction is a point with more 
than 2 neighbors all in thinned black and white 
images(11) are shown in fig 3. 
 

 

Fig.3. Loop, End points, a Dot and Junctions. 

 
Dots: Dots above the letters “i” and “j” can be identified 
with a simple set of rules. Short, isolated strokes 
occurring on or above the half-line are marked as 
potential dots.  
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Junctions: Junctions occur where two strokes meet or 
cross and are easily found in the skeleton as points with 
more than two neighbors.  
Endpoints: Endpoints are points in the skeleton with only 
one neighbor and mark the ends of strokes, though some 
are artifacts of the skeletonization algorithm. 
Loops: Loops are found from connectedcomponent 
analysis on the smoothed image, to find areas of 
background color not connected to the region surrounding 
the word. A loop is coded by a number representing its 
area. 
 
D. Parameters Of Polynomials 
 
 Curve fitting is finding a curve which matches a 
series of data points and possibly other constraints. It uses 
the concept of both interpolation (where an exact fit to 
constraints is expected) and regression analysis. Both are 
sometimes used for extrapolation. Regression analysis 
allows for an approximate fit by minimizing the 
difference between the data points and the curve. 
 Start with a first degree polynomial equation , 
Y=ax+b . This is a line with slope ‘a’ that a line will 
connect any two points. So, a first degree polynomial 
equation is an exact fit through any two points. If the 
order of the equation increased to a second degree 
polynomial, getting Y= ax2+ bx+c , this will exactly fit 
three points .Again increase the order of the equation to a 
third degree polynomial getting y= ax3+bx2+cx+d, this 
will exactly fit four points. A more general statement 
would be to say it will exactly fit four constraints. Each 
constraint can be a point, angle, or curvature (which is the 
reciprocal of the radius, or 1/R). Angle and curvature 
constraints are most often added to the ends of a curve, 
and in such cases are called end conditions. Identical end 
conditions are frequently used to ensure a smooth 
transition between polynomial curves contained within a 
single spline. Higher-order constraints, such as "the 
change in the rate of curvature", could also be added 
Parameters of polynomial technique is used for feature 
extraction. This concept is used in Chebyshev series 
which accurately captures the shape of handwritten 
mathematical characters . 
 For analysis, assume that handwriting traces are 
provided as sequences of (xi, yi, ti) tuples that have been 
normalized so t0 = 0 and tn = 1. The (x,y) trace of character 
is shown in figure 4. For basis functions use Chebyshev 
polynomials of the first kind, defined by Tn(t) ≡ cos(n 
arccos t) and orthonormal for the inner product (f, g ) = ∫ 
f(t)g(t)dt with limit (-1,1)t. The Chebyshev series for X 
and Y is ∞ 
X(t) = ∑ αiTi(t) 

i=0 
∞ 
Y(t) = ∑ βiTi(t) 

i=0 

 

 
Fig.4. The (x, y) trace of G 

 
E. Contour Information 
 
 Given a binary image, it is scanned from top to 
bottom and right to left, and transitions from white 
(background) to black (foreground) are detected. The 
contour is traced counterclockwise outside the pattern 
(clockwise for interior contours) and expressed as an 
array of contour elements shown in figure 5. Each contour 
element represents a pixel on the contour and contains 
fields for the x,y coordinates of the pixel, the slope or 
direction of the contour into the pixel, and auxiliary 
information such as curvature. 
 

 
Fig. 5. Contour element 

 
 Techniques that are useful in recognition of words are 
described in this subsection(10): (i) Determination of 
upper and lower contours of the word, (ii) Determination 
of significant local extrema on the contour, (iii) 
Determination of reference lines, and (iv) Determination 
of word length. 
 

 
Fig.6. Splitting a contour to upper and lower parts. The upper 

contour is shown in dotted lines and the lower contour is shown in 
bold lines 
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 1. Upper and lower contours: Division of an 
exterior contour into upper and lower parts (Figure 6) 
involves the detection of two “turnover” points on the 
contour - the points at which the lower contour changes to 
upper contour and vice versa. Given that the exterior 
contour is traced in the counterclockwise direction, the 
upper contour runs predominantly from right to left and 
the lower predominantly from left to right. The left end of 
the leading ligature and the right end of the ending 
ligature constitute turnover points. 
 2. Local Contour Extrema: Local extrema represent 
a powerful abstraction of the shape of the word. Local Y-
extrema is simply derived from the ycoordinates of the 
pixels on the chaincoded contour. The primary challenge 
is the detection and rejection of spurious extrema arising 
from irregularities in the contour. Heuristic filters are used 
to eliminate spurious extrema. These include checks on 
the distance of the detected extremum from previous 
extrema detected, spatial postion relative to other extrema, 
the slope of the contour in the neighborhood of the 
extremum, and so forth. Majority of spurious extrema in 
discrete writing are due to ends of strokes used to form 
characters, and generally occur in the middle zone of the 
word.  
 

 
a) b) c) 

Fig.7. (a) Exterior contour of word showing lower-contour minima. (b) 
Baseline determined as regression line through minima. (c) Angular 
reference lines from angular histogram at skew angle. 

 
 Fragmentation in the binary image due to suboptimal 
binarization or poor resolution often leads to broken 
strokes and spurious extrema. Since the upper contour 
flows effectively from right to left, left to right excursions 
of the contour must be followed by right to left retraces, 
and this leads to additional extrema being detected. 
Extrema found on such uncharacteristic excursions must 
be discarded lest they lead to spurious ascenders. A 
similar problem arises with right-to-left stretches of the 
lower contour in the context of spurious descenders. Let 
us refer to extrema on such uncharacteristic excursions of 
the upper and lower contours as being directionally 
invalid. Directional validity is conveniently determined 
from the slopes of the contour elements into and out of the 
extremum and is sufficient to discard most spurious 
extrema. 
 3. Reference Line: A time-tested technique for 
global reference line determination is based on the 
vertical histogram of pixels . The method makes the 
implicit assumption that the word was written horizontally 
and scanned in without skew. Consequently, the method 
fails for words with significant baseline skew. 

Unfortunately, baseline skew is present to varying degrees 
in most freeform handwriting. Baseline skew can be 
corrected by estimating the skew of the word and 
applying a rotation or shear transformation on the image. 
An alternative to skew correction is the use of reference 
lines of the form ri(x)= m *x+c where m is the skew angle 
and c is the offset of the corresponding reference line 
from the x-axis. Angled reference lines may be computed 
from the angular histogram at the skew angle.  
 The best-fit line through the minima points may be 
determined by a least-square linear regression procedure 
(Figure 7). Minima that do not fall in the vicinity of the 
implicit baseline either correspond to descenders, or are 
spurious. The halfline may be determined as the 
regression line through upper contour maxima. However 
upper contour maxima are often poorly aligned, and 
spurious points are difficult to detect and remove, 
especially in more discrete writing (non-cursive) styles. 
Consequently the resulting halfline is often erroneous. 
Reference lines computed from the angular histogram at 
the skew angle of the baseline have proved to be more 
reliable (Figure 7(c)). 
 4. Word Length, Ascenders, and Descenders: The 
number of minima on the lower contour of a word image 
is a good estimate of the length of a word. It is expected 
that such a length would be proportional to the number of 
letters in the word. Figure 4 shows the length estimate of 
the word as 11 and also shows one ascender and one 
descender. The positions of ascsenders and descenders 
along with the length of the word are used as features. An 
ascender refers to the portion of a letter in a word that 
rises above the general body of the word. A descender 
refers to the portion of the word that falls below the 
general body of the word. Ascenders and descenders can 
be appropriately selected from the extremas of the upper 
and lower contour of the word. 
 

 
Fig.8. Local contour extrema: maximas and minimas on the 
exterior and interior contours are marked along with the 
reference lines. The loop associated with ‘b’ that rises 
above the reference lines in the middle is called an ascender 
and the loop associated with the ’q’ that falls below the 
reference lines in the middle is called a descender. 

 
 
F. Principal Component Analysis 
 
 Principal component analysis (PCA) is a classical 
statistical method. This linear transform has been widely 
used in data analysis and compression[17]. Principal 
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component analysis is based on the statistical 
representation of a random variable.  
 Suppose we have a random vector population x, 
where 
X= (x1, …., xn)T 

and the mean of that population is denoted by 
µx = E{x} 
and the covariance matrix of the same data set is 
Cx=E{(x- µx) (X- µx) 
T} 
 
 The components of Cx, denoted by Cij, represent the 
covariances between the random variable components Xi 

and Xj. The component Cii is the variance of the 
component Xi. The variance of a component indicates the 
spread of the component values around its mean value. If 
two components Xi and Xjof the data are uncorrelated, 
their covariance is zero( Cij=cji=0). The covariance matrix 
is, by definition, always symmetric. From a sample of 
vectors, x1,x2,….,xm calculate the sample mean and the 
sample covariance matrix as the estimates of the mean 
and the covariance matrix. From a symmetric matrix such 
as the covariance matrix, we can calculate an orthogonal 
basis by finding its eigenvalues and eigenvectors. The 
eigenvectors and the corresponding eigenvalues are the 
solutions of the equation. 
 

IV. CONCLUDING REMARKS 
 
 There are various methods of feature extraction in 
that depending on the features the technique for extracting 
the features are developed and then depending on that 
classification of features is done. Horizontal and vertical 
histogram is used to extract the feature , from dot ,end 
points also can recognize the handwritten script, from 
curvature information extract the feature as a curve and so 
on . In general the properties or feature is used to invent 
the techniques for extracting feature. 
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Enlarged Version of Figure 4 
 
 

 

Fig.4. The (x, y) trace of G 

 
 
 
 


