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Abstract — In handwritten character recognition, zoning 

is one of the most effective approaches for features 

extraction. When a zoning method is considered, the 

pattern image is subdivided into zones each one 

providing regional information related to a specific part 

of the pattern.  

The design of a zoning method concerns the 

definition of zoning topology and membership function. 

Both aspects have been recently investigated and new 

solutions have been proposed, able to increase 

adaptability of the zoning method to different 

application requirements.  

In this paper some of the most recent results in the 

field of zoning method design are presented and some 

valuable directions of research are highlighted.  
 

Keywords- Handwritten Character Recognition, Feature 

Extraction, Zoning Methods, Zoning Topologies, Membership 

Functions 

I.  INTRODUCTION 

Let B be a pattern image, a zoning method ZM can be 

considered as a partition of B into M sub-images (M integer, 

M>1), named zones (i.e. ZM={z1, z2, ..., zM}), each one 

providing information related to a specific part of the pattern 

[1, 2].   

In the past, zoning has been successfully applied to 

hand-written character recognition, since it has been found 

that region-based feature extraction is able to absorb 

variability of handwritten patterns. Thus, several zoning 

methods have been proposed so far, based on diverse zoning 

topologies and membership functions [3, 4].  

Concerning zoning topologies, traditional approaches 

used static partitioning criteria of the pattern image, 

obtained according to standard grids superimposed on the 

pattern image. In this case zoning design was performed 

without using any a priori information on feature 

distribution, but only on the basis of the personal experience 

of the designer.  More recently, the problem of zoning 

design has been considered as an optimization problem. In 

this case a priori information on feature distribution is used 

to determine the optimal zoning topology for a given 

classification problem. Both manual and automated 

processes were considered for designing the optical zoning 

topology.  

Membership function selection is another field of 

growing interest when zoning methods are considered.  A 

membership function determines the way in which a feature 

has influences on the diverse zones of a zoning method. 

Membership functions can be classified into two main 

categories: global and local. Global membership functions 

are unique for all zones of the zoning method. More 

recently, local membership functions have been introduced, 

that can be adapted to each zone of the zoning methods, 

according to the local characteristics of feature distributions.  

In this paper, starting from the analysis of the zoning 

methods in the literature, some of the most relevant 

advancements are presented. In particular, Section II 

addresses the problem of topology design. In Section III the 

problem of membership function selection is presented. 

Some of the most valuable applications of zoning methods 

in the field of handwritten digit and character recognition 

are discussed in Section IV. The conclusions of this paper 

are reported in Section V.    

 

II. TOPOLOGIES 

Zoning topologies can be classified in two main 

categories: static and dynamic.  

Static topologies are designed according to pre-defined 

standard models, defined on the basis of intuition or 

personal experience of the designer. When static topologies 

are considered, they are generally based on simple grids that 

are superimposed on the pattern image [1]. Uniform and 

non-uniform grids can be considered for the purpose. When 

uniform u×v regular grids are used, they determine 

partitions of the pattern image into regions of equal size. 

Suen et al. [5] use 2×2, 3×2, 1×2 and 2×1 grids for zoning 

design. Blumenstain et al. [6] use a 3x2 regular grid for 

handwritten character recognition. Oliveira et al. [7] adopt a 

3×2 grid and extract contour-based features from each zone. 

Baptista and Kulkarni [8] use a 3×3 regular grid to extract 

geometrical feature from each zone. Phokharatkul et al. [9] 

use a 4×3 regular grid for zoning design, in order to extract 

closed-loop and end-point features from the pattern image. 

A 4×4 regular grid is used by Cha et al. [10] to extract 

gradient, structural and concavity information from the 
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pattern image. Liu et al. [11] use a 4×4 regular grid to 

recognize Chinese characters by a directional decomposition 

approach. Rajashekararadhya and Ranjan [12, 13] use a 5x5 

regular grid for zoning design. For each zone, the average 

distances from the character centroid to the pixels in each 

row/column are considered as features.  

Zoning topologies can be classified in: slice-based, 

shape-based and hierarchical. A slice-based topology is 

proposed by Takahaski [14], which uses vertical, horizontal 

and diagonal grids to split the pattern images. More 

recently, P.P. Roy et al. [15, 16] propose a novel shape-

based topology using circular ring and convex hull ring 

partitioning criteria. In this case, a set of circular rings is 

defined as concentric circles whose center is the center of 

the minimum enclosing circle of the character. Similarly, 

convex hull rings are also constructed from the convex hull 

shape of the character.  Finally, Park et al. [17] present a 

hierarchical topology based on a multi-resolution approach. 

Features at different resolutions, from coarse to fine-

grained, are extracted by means of a recursive splitting 

scheme.  

Dynamic topologies are designed according to some 

kind of optimization carried out on the basis of a-priori 

information. Freitas et al. [18] use the confusion matrices to 

analyze the relation between the regions and use this 

information to make the zoning design process less 

empirical.  More recently, zoning optimization has been 

carried out in an automated manner on the basis of the 

discrimination capability of the zones or considering the 

classification performance. Dimauro et al. [19] and Di 

Lecce et al. [20] presented two discriminant-based 

approaches using respectively the standard deviation and the 

Shannon Entropy as estimators of the discrimination 

capability of the zones.  

More recently, Impedovo et al. [21] define the optimal 

zoning topology as the topology for which the Cost 

Function (CF) associated to the classification is minimum. 

In this case Voronoi Tessellation was considered for zoning 

description since it provides, given a set of points (named 

Voronoi points) in continuous space, a means of naturally 

partitioning the space into zones, according to proximity 

relationships among the set of points. In this approach, a 

genetic algorithm is used for topology optimization, in 

which each individual of the genetic population is a set of 

Voronoi points (corresponding to a zoning topology) and 

the cost function associated to the classification is 

considered as a fitness function.  Following this approach, 

Ferrante et al. [22] perform the analysis of Voronoi-based 

zoning and estimate the optimal number of zones, 

depending on the characteristics of the classification 

problem. Radtke et al. [23, 24] present an automatic 

approach to define zoning using Multi-Objective 

Evolutionary Algorithms (MOEAs). The idea is to provide a 

self adaptive methodology to define the best zoning method 

according to two diverse optimality criteria: an error rate as 

low as possible and a minimal number of non-overlapping 

zones. Gagné and Parizeau [25] use a tree-based hierarchical 

zoning topology for handwritten character classification.  
 

III. MEMBERSHIP FUNCTIONS 

Whatever zoning topology is used, its performance 

strongly depends on the membership function considered to 

describe the way in which a feature of a pattern has 

influences on the different zones [26].  

Global membership functions can be categorized into 

order-based and fuzzy. When order-based functions are 

used, the influence of a feature on each zone is defined by a 

weight that depends on the distance between the position in 

which the feature is detected and the zone.  Depending on 

the type of weight that is considered three types of order-

based functions were proposed: abstract-level functions, in 

this case the weights are Boolean values; ranked-level 

functions, in this case the weights are integer values; 

measurement-level functions, in this case the weights are 

real values [27, 28].  

Other global membership functions use fuzzy values that 

can be defined according to border-based and ranked-based 

criteria. Cao et al. [29] observe that when the contour curve 

is close to zone borders, small variations in the contour 

curve can lead to large variations in the extracted features. 

Therefore, they try to compensate for this by using a fuzzy 

border. Features detected near the zone borders are given 

fuzzy membership values to two or four zones.  Pirlo et al. 

use ranked-based fuzzy membership. In this case the fuzzy 

membership function is any weighting function defined 

according to the positivity, monotonicity and standard 

energy criteria. The selection of the best suited fuzzy 

membership function for a given zoning-based classification 

problem most certainly involves detecting optimal function 

weights which maximize the classification performance. For 

this purpose, a real-coded genetic algorithm has been 

proposed to find, in a single optimization procedure, the 

optimal fuzzy membership function together with the 

optimal zoning topology described by Voronoi Tessellation.  

Local membership functions derives from the 

consideration that different parts of the character can exhibit 

features with diverse statistical distributions. Impedovo et 

al. [30] present a new class of parameter-based membership 

functions and select the most profitable set of parameters for 

each zone of the zoning method. Therefore, when 

parameter-based membership functions are used, a set of 

specialized functions is considered, one for each zone of the 

zoning method.  

 

IV. ZONING METHODS: A COMPARISON 

This section presents a comparison among some of the 

most valuable zoning methods. Concerning zoning 

topologies, Table I reports some of the most relevant results 
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presented in the literature. Blumenstein et al. [6] used two 

feature sets based on direction-based features and transition-

based features, respectively. In addition, they used a Back-

Propagation Network (BPN) and a Radial Basis Functions 

Network (RBFN) for classification. Patterns from the 

CEDAR database were considered for their tests. Impedovo 

et al. [26] used uniform zonings based on 2x2, 3x3, 4x4, 

5x5 regular grids for handwritten digit classification. For the 

experimental tests, they considered a set of geometrical 

feature and a k-nn classifier (k=1). 18,468 numerals from 

the BR directory of the CEDAR database were used for 

learning and 2,213 numerals from the BS directory for the 

test. At the best, a recognition rate of 87.8% was achieved, 

when the uniform 5x5 zoning was used. Roy et al. [16] used 

contour-based angular information as features and 

considered two shape-based zoning techniques. The first 

one used 7 circular hull rings, the second one used 7 convex 

hull rings. Classification was performed by a Support 

Vector Machine (SVM). For the experimental tests, carried 

out in the domain of touching characters, a suitable dataset 

of 8250 characters was considered.  The recognition rate 

was equal to 98.44% using k-fold cross validation (k=5). 

Freitas et al. [18] used a perception-oriented approach to 

zoning design. They considered a set of 

concavity/convexities features, obtained by labelling the 

background pixels of the input image, and a feed-forward 

Multi-Layer Perceptron (MLP) for class-modular 

classification. The experiments were carried out using the 

IRONOFF database of handwritten characters, which was 

composed of 26 classes of uppercase characters.  

Impedovo et al. [31] used a Voronoi-based optimal 

zoning topology and a statistical classification technique for 

the recognition of handwritten digits and characters. They 

considered two geometrical feature sets containing 9 and 57 

types of features, respectively. For the experimental test, 

they considered the CEDAR database of handwritten digits 

and the ETL database of handwritten characters.  Radke et 

al. [24] used a template-based dynamic zoning and 

considered features to be a set of concavities, contour-based 

information and pixed distribution. For the experimental 

results, they considered a Nearest Neighbour (NN) classifier 

and a database of 50,000 training patterns and 10,000 test 

patterns, extracted from the NIST SD-19 hsf-0123 

handwritten digit database.  

Table II compares some relevant results obtained using 

different membership functions for zoning-based 

classification. Impedovo et al. [26] analyzed the 

performance of order-based membership functions in the 

context of handwritten digit recognition.  To this purpose, 

they considered uniform zoning topologies and a set of 

geometrical features. For the experimental tests, they used 

18,467 learning patterns and 2,189 testing patterns from the 

CEDAR database. The results, obtained by a Distance-based 

Classifier (DBC), demonstrated that the performance of a 

zoning method strongly depends on the membership 

function used. More precisely, the results demonstrate that, 

in general, exponential membership function E (with α=1.1, 

TABLE I:  PERFORMANCE VS ZONING TOPOLOGIES  
 

 Topology Features 
Classific

ation 
Performances Dataset 

S
T

A
T

IC
  
 3x2 Uniform 

(Blumenstein et al [6]) 

Direction-
based, 

Transition-

based 

BPN, 

RBFN 

DS-1: RR: 69.78% (LC), 80.62% 

(UC) (BPN);  RR: 70.63% (LC), 
79.78 (UC) (RBFN) 

 

DS-2: RR: 83.65 (BPN), RR: 
85.48 (RBFN) 

DB:  CEDAR: 

 
- DS-1:  LS: 18655 (LC), 7175 (UC); 

TS: 2240 (LC), 939 (UC) 

 
- DS-2: LS: 19145, TS: 2183  

2x2, 3x2; 3x3, 4x4, 5x5 

Uniform 
(Impedovo et al. [26]) 

Geometrical 

Features 
 

k-NN 

RR: 76.5%  (2x2), RR: 77.9% 

(3x2), RR: 79.8% (3x3), RR: 
76.4% (4x4), RR: 87.8% (5x5) 

DB: CEDAR 

LS: 18468 digits (BR Directory), 
TS: 2213 digits (BS Directory) 

Non-Uniform: 

Shape-based 

(Roy et al. [16]) 

Contour-based 
Feature 

SVM RR: 98.44% DB: 8250 characters  

D
Y

N
A

M
IC

  

Manual: 

Perception-oriented 

(Freitas et al. [18]) 

Concavities/con
vexities 

MLP RR: 90.4% DB: IRONOFF, 10510 characters 

Automated: 
Voronoi-based 

(Impedovo et al. [31]) 

FS1: 9 
Geometric 

Feaures 

FS2: 57 
Geometric 

Fetures 

STC 

DS-1: RR: 96% (FS1, M=9), 91% 

(FS2, M=9) 
DS-2: RR: 85% (FS1, M=25), 

92% (FS2, M=25) 

 

DS-1: DB: CEDAR, LS: 18,467 

digits (BR Directory), TS: 2,189 
digits (BS Directory) 

DS-2:  DB: ETL, LS: 29,770 

characters, TS: 7,800 characters. 

Automated: 
Template-based 

(Radtke et al. [24]) 

Concavities / 
Contour / Pixel 

Distribution 

NN RR: 95% 
DB: NIST - SD19_hsf-0123:  

LS: 50000 digits, TS: 10000 digits  

 
(DB=Database; LS=Learning Set; TS=Test Set; RR=Recognition Rate) 
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β=1) provided the best recognition results. Kato and Suzuki 

[32] used a hierarchical partitioning topology based on a 

7x7 regular grid and direction-based features along with a 

region-based fuzzy membership function. Two Distance 

Based Classifiers (DBC), using a city block distance and an 

asymmetric Mahalanobis distance, were used for rough and 

fine classification, respectively. The experimental tests were 

carried out on the ETL9B database that contained 3,036 

characters (2965 kinds of Chinese characters (Kanji) and 71 

kinds of Japanese characters (Kana)) and, for each 

character, 100 samples were used for training and 100 for 

testing. In this case, a 99.42% recognition rate was obtained. 

Wu and Ma [33] used direction-based features ex-tracted 

from the contour of the pattern image. They adopted a fuzzy 

border-based membership function and a hierarchical 

overlapped elastic meshing, based on a 7x7 sub-division of 

the pattern image. For the experiments, they used the 

ETL9B database, that had 3,036 characters and each 

character had 200 sample images. One hundred sets with 

odd number order were used in training and 100 sets with 

even number order are used in testing. An average 

recognition rate equal to 96.42% was obtained when a 

minimum Euclidean Distance-based Classifier (DBC) was 

used for classification.  Pirlo et al. [34] used a ranked-based 

fuzzy membership function for the recognition of 

handwritten numerals and characters. The recognizer 

adopted a statistical-based classifier (SBC) and used a set of 

geometrical features along with a Voronoi-based optimal 

zoning topology. For the experimental test, they used 

18,468 digits from the CEDAR database and 29,770 

characters from the ETL database. The k-fold cross 

validation (k=10) led, at the best, to a recognition rate equal 

to 95% for digits and 93% for characters, respectively, for 

M=9 and M=25. Impedovo et al. [30] used parameter-based 

member-ship functions and Voronoi-based topology for the 

recognition of handwritten numeral extracted from the 

CEDAR database. Digit classification was performed by a 

Nearest Neighbour (NN) classifier and used a set of 

geometric features.  

 

V. CONCLUSIONS 

This paper presents an overview of zoning methods and 

highlights some advancements in the field of topology 

design and membership function selection. Finally, some of 

the most interesting techniques in the literature are 

presented. The comparative analysis shows that dynamic 

topologies usually lead to superior performances with 

respect to static approaches, as well as the use of adaptive 

and fuzzy membership functions. 
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