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This paper proposes a novel approach to automatic recognition of handprinted Bangla
(an Indian script) numerals. A modified Topology Adaptive SelFOrganizing Neural Net-
work is proposed to extract a wector skeleton from a binary numeral image. Simple
heuristics are comsidered to prune artifacts, if any, in such a skeletal shape. Certain
topological amd structural features like loops, junctions, positions of terminal nodes,
etc. are used along with & hierarchical tree classifier to classify handwritten mumerals
into smaller subgroups. Multilayer perceptron (MLP) networks are then employed to
unigquely classify the mumerals belonging to each subgroup. The system is trained using
a sample data set of 1800 numerals and we have obtained 93.26% correct recognition
rate amd 1.71% rejection on a separate test set of another 7760 samples. In addition, &
validation set consisting of 1440 samples has been used to determine the termination of
the training algorithm of the MLP networks. The proposed scheme is sufficiently robust
with respect to considerable object noise.

Keywordz: Handprinted numeral recognition; OOCR: self-organizing neural metwork:
MLP; topological amd structural features: tree classifier; vector skeleton.

1. Introduction

During the last few decades a preat deal of research work has been done in the
field of optical character recognition. Still, recognition of handwritten characters
remaing a challenging problem even today. Machine recognition of handwritten
Enplish (Arabic) ZIP codes has been implemented with reasonsable success in the
USA. Considerable research for recognition of handwritten numerals has been con-
ducted in several other scripts as well.}?%-%® Recently, the need has been felt
for such research work in various regional lanpuages. This paper & concerned with
recognition of handwritten numerals in Bangla, the second-most popular language
and script in the Indian subcontinent and the fifth-most popular lanpuapge in the
world. %22
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Considerable research work for recognizing printed Bangla characters has been
reported in previous literature ® But not much work has been done for recognition
of handwritten Bangla characters. The latter problem, becanse of larpe variability
in the mput, & much more dificult than the former one. The variability is cansed
by variation of shapes resulting from writing habit, style, education, mood, ete. as
well as factors such as writing instrument, writing surface and scanning quality. To
simplify the recopnition scheme, many exsting methods impose some constraints
on handwriting with respect to tilt, size, relative positions, stroke connections, dis-
tortions, ete. In this paper, we consider Bangla mumerals written inside fixed rect-
angular boxes, called handprinted numerals. Automatic recognition of such offline
handprinted numeraks has several industrial applications such as antomatic postal
sorting, share certificate sorting, recognition of various other special forms ete.2%%

It has already been established in the literature that in a difficult classifica-
tion task like handwritten character recognition, higher classification accuracy can
be achieved by a combination of several feature extraction methods and several
classifiers, 18262729 Iy the present work, we develop a two-stage classifier for recog-
nition of handprinted Bangla numerals. However, before classifying an mput nu-
meral pattern, we obtain a praph representation of the shape of the input pattern.
Such a praph representation is obtained by a modified version of TASONN (Topol-
ogy Adaptive Self-Organizing Neural Network) model proposed by Datta et al.”
Hereafter, we shall term this modified TASONN as MTASONN. Subsequently, a
set of topological and structural features is extracted from the graph. This feature
set is wsed to desipn a hierarchical tree classifier which accommodates almost all
possible structurally different shapes of handprinted Bangla mumerals in its leaf
nodes at various levels. This helps to divide varying shapes of handprinted Bangla
mimerals into smaller subgroups on the basis of some common topological and
structural properties making the recopnition task at the next stage much easier. In
the second stage, a multilayer perceptron network (MLP) is used to recognize the
mimeral shapes belonping to each leaf node. The feature set in the second stage
inchides certain structural features of the skeletal shape and the object pixel den-
sities in each cell of a 4 x 4 rectanpular grid (as shown in Fig. 1) over the raster
imapge of the skeleton.

Neural network (NN) based character recognition systems are found to be
mainly used in the high accuracy systems because they perform satisfactorily in the
presence of incomplete or noisy data and they can learn from examples.'? Another
adwantape is the parallel nature of the NN algorithms. In the present approach,
we use two different types of neural networks — MTASONN (modified TASONN)
to obtain a graph representation and multilayer perceptrons for classification. The
proposed two-staped classifier has a hierarchical tree classifier in the first stage and
multilayer perceptrons in the second stape. Thus, the present scheme considers an
intellipent hybrid approach to recognition of handprinted Bangla numerals.

A block diagram of the proposed handprinted Bangla mumeral recognition
scheme is shown in Fig. 2. The scanped imape of a numeral first undergoes a prepro-
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Fig. 1. The raster images of the skeletal shape of a Bangla numeral is divided into 4 x 4 zones.
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Fig. 2. A block diagram of the proposed recognition scheme.

cessing module and then MTASONN algorithm provides the praph representation
of its shape. MTASONN algorithm is computationally more efficient than TASONN
algorithm and yet provides an acceptable approximation to the medial axis repre-
sentation of the input shape in the form of a skeleton praph. MTASONN model is
described in Sec. 2. In Sec. 3, a certain pruning technique based on simple heuristics
is proposed to eliminate from the praph small edges and merge redundant nodes
in order to pet a better skeletal representation of the actual shape of the numeral
pattern. The topological and structural features of the skeleton praph are described
in Sec. 4. The hierarchical tree classifier is then considered to classify the input
mimerals into smaller subgroups. Finally, an abready trained MLP network is in-
voked for the final recognition of the numeral patterns belonging to each subgroup.
The experimental results and conclusions are given in Secs. § and 6, respectively.
In an intermediate communication 90.56% correct recopnition rate was
reported.? However, significant improvement over this work has been implemented
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here in varions areas like preprocessing, designing of the tree classifier and enhance-
ment of the feature sets. The present improved approach provides 93.26% correct
recognition rate on a test set of 7760 samples.

2. Neural Network Models
2.1. Modified TASONN (MTASONN) model

A vector skeleton of the binarized input mumeral pattern is obtained by using a new-
ral network model MTASONN which is a modified version of TASONN.” TASONN
model, a variant of Neural Gas Network (NGN) model,'®? & found to be effi-
cient in skeletal shape representation. Further, in MTASONN, a few modifications
to the original TASONN model have been incorporated and these sipnificantly re-
duce the computational load and yet provides an acceptable skeletal output. The
modifications include the following:

(a) TASONNT model starts with an empty list of nodes and the pnetwork grows
in size by means of a certain “node creation” mechanizm. In MTASONN, the
learning starts with an initial nonempty list of nodes. A small percentage, say
10%, of the object pixels are selected randomly to form the initial list of nodes.

(b) TASONN model updates a strength variable 3 for every pair of nodes at the
end of each iteration. In the modified version, these strenpths are computed in
a different manner in the form of a link matrix which is recomputed at the end
of every phase (a phase consists of several iterations after which the network
comverpes with the current set of nodes. The term phase will be defined shortly).

(¢) TASONN alporithm stops when the length of every link joining two neighboring
nodes is less than a parameter § > (. In MTASONN, a different stopping
criterion & considered. The present modified algorithm allows the network to
prow starting from its initial size until the momber of nodes reaches a maximum
value, say, 15% of the object pixels. In the present application, such a modified
algorithm provides an adequate vector skeleton of an input character.

In the current model, let the mitial set of nodes be [m,m, ..., 7,] where no
prior link between these nodes is assumed. The term “link” here is used in a logieal
sense and it means an edge in the output graph (output network). These links are
established during learning. Similar types of learning of the links from the input in
a dynamically growing network are earlier used by several other authors 5511

The input feature vectors here are the two-dimensional coordinates of the object
pixels of the hinarized mumeral image. Let § = {Py, Ps,..., Py} be the set of
object pixels where N is the number of object pixels and P; = (z;,%;). The initial
set of n weight vectors, Wi(#) = (uyy (#), w2 () at # = 0 are chosen randomly from
the uniform distribution over the set 5. Suppose, the object pixel F; & presented
to the network during the #th iteration. Here it is to be noted that presentation
of one mput vector to the network and related actions are called one iteration
All iterations corresponding to the whole set of input vectors constitute a sweep.
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Several sweeps make a phase and one phase is completed when the weight vectors
corresponding to the current set of nodes stabilizes, i.e. when

IWile) — Wit)l <e, Vi, (1)

where ¢ and # are the iteration mumbers at the end of two consecutive sweeps and £
is a predetermined small positive quantity. In the present application, we considered
£ = 0001, Two nearest nodes 7 and 7 with weight vectors Wi (#) and Wi(t) from
P; are selected as follows.

dist(P}, Wi (t)) = min[dist(P;, Wi(t))] (2)
and
dist(Py, Wi(t)) = i st (P, Wi(0)). (3)

The weight vectors Wi (#) and Wi(t), for the first nearest node 7. and second nearest
node m; respectively, are updated as follows

Wit + 1) = Wilt) +au()[F; — Wilt)] (4]

Wit +1) = Wi(E) + o) [B; — Wi(t)] . (5)

The quantities o () and calf) (0 < o (f) < op(t) < 1) are the pain terms at time
t. These quantities should decrease to zero over time, satisfying certain conditions
similar to those imposed on stochastic approximation processes,'” that is, for r =
1,2

(i) ot = 0ast = x
(i) Y an(f)=occ and
e

(i) Y af(t) <oo.

t=ll

In our present implementation, we have chosen o (s) and oa(s), where s is the
sweep number, as follows.

a1 (0) = az(0) = 0.001 (7)
L T,

a(s) = 7 e when s > 0 (8)
= —ﬂﬂ{m when s

mals) = T+ /% hen s = 0. [R4)]

It has been found during our simulation runs that the above choice of a4 (5] and
cea(s) gives satisfactory results in the present problem.
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Upon repeated presentations of the input vectors from the input pattern, the
weight vectors tend to follow the distribution of the input space due to the weight
adaptation scheme’” described above. Thus the algorithm causes the topological
ordering of the weight vectors in the input space in the sense that nodes that are
adjacent in the lattice will have similar weight vectors.

At the end of a phase, a temporary link matrix L is constructed. This link
matrix L is an upper triangular matrix of size n % n, where n is the current number
of nodes. Here it should be noted that the value of n increases by 1 from one
phase to the next since only one node & mserted during a phase. Both the rows
and columns of L indicate the nodes of the output graph during a phase. At the
beginning of each phase, the entries of L are initialized with zeroes. Before the
completion of a phase, for each mput vector Fj, the first two nearest nodes, say
. and mp (& < [), are determined and the entry ayp of the (&, [)-th cell of L is
incremented by 1. Thus one sweep through the set of all object pixels & needed
to compute this link matrix. Once the link matrix is computed, we search for the
cell (&, 1) with the maximum ay; valie and a new node is inserted in the middle of
the link connecting the kth and lth nodes. The initial weight vector of this newly
inserted node becomes (Wi (T) + Wi(T)] /2. A new phase starts with the new set of
nodes (where the number of nodes increases by 1).

Finally, when the learning converpes, that is, when it grows to its maximum
size, the final link matrix is wsed to construct the output network giving the vector
skeleton of the input character. A pair of nodes, say k and [, are connected provided
the value of ay is positive. In fact, this ink matrix L represents a graph whose
vertices are defined by the individual rows or columns and the edges are defined by
the nonzero entries of L. Thus, the shape of the input numeral pattern is extracted
in the form of a skeleton graph providing a line-segment approximation to the
medial axis of the pattern.

Algorithm for MTASONN

Step 1. [Initialization)
Consider the set of object pixels Pj(j = 1,2,... N) as the input vectors;
Set imitial pumber of nodes N; = 01N amd final pumber of nodes
Ngp = 0.15N;
Set current tnmber of nodes n = Ny and £ = 0.001;
Select randomly n object pixels and use their coordinates
as the initial set of weights Wi(0)(i =1,2, ... ,n);

Step 2. Repeat Steps 24 until n > Ng [Phase|

Do [Sweep|
For j = 1 to N [Iteration|
Present input vector P; to the network of n number of nodes;
Determine first two nearest nodes to F; using conditions
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(2) and (3);
Modify the weights corresponding to these two nodes using
Egs. (4) and (5);
until the change in each weight vector during the last sweep < £ as
given by condition (1);

Step 3. [Construct the current upper triangular link matrix L]
Initialize all the entries of the link matrix L to zero;

Forj=1to N
Set ap; = agy + 1, where Eth and [th nodes are the two nearest
noides from FPy;

Step 4. [Insertion of a new node|
Insert a new node in the middle position between the nodes 7 and m
such that the value app of L is the maximum for 1 < &1 < ng
Setn=n-+1;
Step 5. [Output skeleton graph from input pattern|
Compute the final link matrix as in Step 3;
Construct the praph with the final set of nodes as its vertices;
Two vertices k and [ (k < [) in this graph are connected by
an edge if the entry ay; in L & nonzero.
Step 6. Stop.

2.2. Multilayer perceptron (MLP) model

In the proposed scheme, recognition at the second stage 5 done by a multilayer
perceptron neural network. The MLP model & possibly the most well-known neu-
ral network architecture!® where the strengths of connections between nodes in
different layers are called weights. Such weights are vsually nitialized with small
random wvalues and in the present application we consider random values obtained
from the uniform distribution over [—0.5,0.5]. The final weights may be obtamed
iteratively by using the so-called backpropagation (BP) algorithm?! as given by

OE,(t)
3’1‘]’.?,'_-.; {fj

wii(t+ 1) = wy(f) —x + oA (f— 1) (10)
where w;; () is the weight connecting a node ¢ and another node 7 in the next upper
layer at time ¢, 5 > 0 and 0 < o, < 1 are constants, called respectively the learning
rate and momentum factor. Awg;(t — 1) is the change in the corresponding weight
during time £ —1 and E,, is the squared error of the network response corresponding
to an input pattern p.

However, in real life applications, the above iterative weight modification rule
often leads to very slow convergence or gets stuck at a bad local minimum. In
the literature, there exist several modifications of this alporithm with improved
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convergence performance. In the present application, we used a modified BP algo-
rithm which considers a distinet self-adaptive learning rate corresponding to each
individual commection weight. Using such self-adaptive learning rates, the weight

modification rule (10) becomes®

OE,(t)
thyy(t)
d

where 3;;(t) = h{n;(f)). hiz) = TR § is called the effective value function and
1+

wig(t 4+ 1) = wy; (F) — Fi; () + g Nawry (F — 1) (11

d > 0 is a constant. The constant d determines the maximum value which can be
assumed by a learning rate. In the present application, we experimentally observed
that a good choice for the value of d is 4.0.

Another issue associated with the use of an MLP network i the choice of network
architecture. In between the input layer at the bottom and the output layer at the
top, there exists one or more layers of nodes, called hidden layers. In the present
application, during simulation runs, we have observed that multiple hidden layers
do not improve and sometimes even deteriorates the training performance of the
network in terms of its rate of convergence. However, the selection of number of
nodes in the only hidden layer is another problem and a pood choice of this mumber
cannot in general be obtained in a straight forward mannper and the selection of this
mimber involves conflicting interests.'® A standard approach to this problem is to
start with a large nmmber of nodes in the hidden layer and then to reduce its size.
There exists a large number of ways awailable in the literature for such removal
of nodes in the hidden layer. In the present application, we considered a method
proposed by Hagiwara'® for removal of extra hidden nodes.

Finally, the strategic selection of the point of termination of the iterative learning
of the connection weights of an MLP petwork is an important issue. To avoid
overtraining, and thus achieving a better generalization performance of the network
it is sugpested to use a validation set of samples. Usunally, in simulations using
backpropagation training algorithm, the system error gradually decreases on hoth
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Fig. 3. Error value on the validation set indicates the termination of learning process.
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Fig. 4. An example of pruning meighbaring n-junction amd small edges.

the training and validation sets during the initial learning sweeps. After a certain
amount of learning, this error further decreases on the training set while it starts
increasing on the validation set™ (as shown in Fig. 3). The point of time when
the error on the walidation set increases for at least three consecutive sweeps for
the first instance is noted and the weight values before the error starts increasing,
are stored as the final learned weights.

3. Pruning of Skeleton Graph

The skeleton praph as obtained by MTASONN model may sometimes contain one
or more spurious parts like small loops, edges, ete. which usually lead to rejection
or misclassification. Heuristics have been considered for identifying such spurious
parts and removing them. The alporithm for such cleaning operations is described
below.

Algorithm for pruning;:

Step 1. Search the link matrix to identify nodes which are n-junctions
(defined in the next section);
Step 2. While (two n-junctions 7, and 7, are neighbors)

begin [Merge the current pair of nodes (Fig. 4)]
A pew node is placed in the middle of the line joining the
nodes m, and w,.
The list of neighbors of the new node is computed as the union of the
neighbors of m, and 7, excepting m, and m,;
Delete the nodes 7, and 7, and their associated links;
Necessary modifications are incorporated in the link matrix.
end
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(a} (b} i)

Fig. 5. An example of pruning small loop.

Step 3. If an n-junction is linked to a terminal node, then this terminal node and
the corresponding link are removed.

Step 4. |Remove small loop(s) (Fig. 5)|
Small loop(s) consisting of three nodes only are identified. In such a loop,
nodes which are not linked to nodes outside the bbop are removed along
with the corresponding links.

Step 5. Stop.

In Fig. 4, an example of pruning of peighboring n-junctions and a small edge
are shown — Fig. 4(a) shows the initial skeleton obtained by MTASONN, Fig. 4(b)
shows the same after merging of two neighboring three-junctions and Fig. 4{c¢) shows
the final skeleton after removal of a small edge. Another example of pruning is shown
in Fig. 5. The input pattern is shown in Fig. 5(a) and its skeletal representation as
obtained by MTASONN is shown in Fig. 5(b). Final skeleton after pruning of the
small loop & shown in Fig. 5(c).

4. Feature Extraction and Recognition Scheme
4.1. Features

Before describing sets of features wsed at the two stapes of the proposed recognition
scheme, it is necessary to provide an idea of the shapes of Bangla nmmerals to the
readers. The set of Bangla mumerals in the printed form is shown in Fig. § and a
small sample set consisting of 70 handwritten mumeral characters (seven different
samples per class) is shown in Fig. 7.

Now let us describe several definitions and notations related to the skeleton
graph obtained by MTASONN algorithm followed by its pruning.

Definition 1. An n-function is a vertex of a graph having n{> 2) neighbors.
Definition 2. A terminal vertex is a vertex which has only one neighbor.

Definition 3. The highest verter is the vertex situated above all other vertices.
The lowest verter is similarly defined.
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Fig. 7. A subset of handwritten Bangla numerals.

Definition 4. The highest terminal verter & the terminal vertex situated ver-
tically above all other terminal vertices. The lowest terminal verter is similarly

defined.

Definition 5. The second highest terminal verter & the terminal vertex situated
vertically above all other terminal vertices except the highest terminal vertex.

Definition 6. The rightmost verter i the vertex situated to the right of all other
vertices. The leftrmost verter & similarly defined.

Definition 7. The rightmost terminal verter is the terminal vertex situated to
the right of all other terminal vertices. Similarly, the leftmost terminal vertezr &

defined.
Definition 8. An open arm is a link between a terminal vertex and its neighbor.

Definition 9. The right open arm is the link between the rightmost terminal
vertex and its neighbor. The left open arm is similarly defined.

Definition 10. The cycle volume i the proportion of the number of vertices form-
ing the cycle to the total mimber of vertices forming the graph.
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Definition 11. The cycle centroid is the centroid of the vertices forming the cycle.

Definition 12. The character height is the height of the smallest rectangle en-
closing the praph. The character width is similarly defined.

4.2, Recognition scheme

Some relevants parts of graphical representations of numeric characters 2 and 9 are
shown in Fig. 8. We also introduce a few notations as listed in Table 1.

The two most common features found in the extracted skeleton praph {obtained
by pruning after MTASONN algorithm) of the handwritten mimeral characters in

i_,..ﬁ < Highest Tenninal vertex
-H_,,-'-"’

Terrnal Verlex '{:_ Tertex Cyele

=— Fightmost Vert
Ind Highest Termanal DR

Leftmpst
Wertax
Leowest Teroranal Wertex

Fig. 8. Relevant parts of the graphs of characters 2 and 4.

Table 1. List of structural features and the correspomding notations.

Notation Description

HD1 The horizontal distance between the junction and lowest terminal vertex
normalized with respect to character width; (If there exists more than one
Jjunction, we consider the lowest such junction).

vin The vertical distance similar to 01,

Hi2 Horizontal distance between the highest terminal vertex and the
lowest terminal vertex normalized with respect to character width;
(If there exists only one terminal vertex, this distance is msumed to be zero).

VD2 The vertical distance similar to f D3,

HDG Horizontal distance between the highest terminal vertex amd the second highest
terminal vertex normalized with respect to character width; (If there exists anly

one terminal vertex, this distance is assumed to be zero).

Vi The vertical distance similar to HD3.

Vil Cvele volume

Driat i Distance between the rightmost vertex and the rightmost terminal vertes.
CrradR Slope of right open arm. If there exists only one open arm,

the corresponding slope is denoted by GradR.

Crradl. Slope of left open arm.

COGX Horizontal distance of the C.G. of the wertices forming the cycle
from the leftmost vertex normalized with respect to character width,

COGY Vertical distance between the C.G. of the vertices forming the cycle
amd the highest vertex normalized with respect to dharacter height.
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Fig. 9. Hierarchical tree classifier.

the training set are cycles and n-junctions. The number of cycles is either 0 or 1 or
2. It i= 2 only when the numeral is four. In the first hierarchical level of the proposed
tree classifier (Fig. 9), the feature considered is the number of cycles present in the
skeleton praph. We consider the number of n-junctions as the feature in the second
level of the tree classifier. The presence of concavity along a cycle of the praph
and the number and position of terminal vertices are the features used in the third
and fourth levels of the tree classifier. Each node of the tree classifier represents
a particular group of handwritten Bangla mumerals. The choice of features and
decizsion rules at each nonterminal node of this tree classifier are described in detail
below.

Root Node (Level 0):

Features: Number of loop(s).

Decision Rule: If no loop exdists then Class A; if only one loop exists then Class B;
if there are two loops, then Class C consisting of the digit four only. Thus, the node
representing Class C 5 a leaf node.

MNodes at Lewvel 1:

Node representing Class A:

Features: Number of n-junctions.

Deciion Rule: If there is no n-junction then subeclass A A; if there is only one n-
junction then subclass AB. (In our database, no pattern in Class A has more than
one n-junction).

The node representing subclass AD is a leaf node.
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Node representing Class B:

Features: Number of n-junctions.

Decision Rule: If there is no n-junction then subclass BA; if there is only one n-
junction then subclass BE; if there are two n-junctions then subclass BC. (In our
database, no pattern in Class B has more than two n-junctions.)

The node representing subelass BC is a leaf node.

MNodes at Level 2:

Node representing subelass AA:

Features: Position of the lowest terminal vertex.

Decision Rule: If this vertex lies in the lowest one-tenth of the bounding box
(minimum rectangle enclosing the skeleton praph) then subclass AAA; else sub-
class AAB.

Both AAA and AAB correspond to leaf nodes of the tree classifier.

Node representing subeloss BA:

Features: Presence of concavity along the cycle.

Decision Rule: If there is no concavity along the cycle then subelass BA A consisting
of only the mumeral zero; else subclass BAB consisting of only the numeral five.

Both the subclasses BAA and BAB correspond to leaf nodes.

Node representing subelass BB

Features: Number of terminal vertices.

Decision Rule: If there is only one terminal vertex then subelass BBA; if there
are two terminal vertices then subelass BBB. (In our database, no pattern in sub-
class BB has more than two terminal vertices.)

The node representing subclass BBB is a leaf node.

MNodes at Level 3:

Node representing Class BB A:

Features: Position of the only terminal vertex.

Decision Rule: If the terminal vertex lies in the lower half of the bounding box of
the skeleton praph then subclass BBAA; else subelass BBAB.

Both the above subclasses correspond to leaf nodes.

The list of leaf nodes of our tree classifier are the following: C in level 1, AB
and BC in level 2, AAA AAB. BAA, BAB and BBB in level 3, BBAA amnd BBAB
in the level 4. Among these, C, BAA and BAB represent a single numeral each,
viz. four, zero and five respectively. So, for these three nodes no further recognition
stratepy is required. For the remaining seven of the leaf nodes AR, BC, AA A, AAB,
BBE, BBAA and BBAB further recognition is done as follows. To classify a pattern
in such a node as a mique mumeral we wse an MLP network. The architectures of
these MLPs are different for different leaf nodes. For each of them we use a different
set of structural features and the number of possible output classes is also different.
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Table 2. List of structural features amnd architectures for different MLPs.

MNumber of
Leaf MNode Features Architecture  Possible Classes
AR Hp2 VD2 HDR VD3, Dist B, GradR, Gradl,. 2= 6% 5 B
BC Hp2 VD2 GradR, GRADL Mxdxd 4
AAA Hp2 VD2 GradR, GRADL Mxdx2 2
AAR HD2 VD2 Dt R, GradR, GradL 21 x B %6 fi
EJENE] HD VI HD2 VD OOGK, OOGY 2xdxh b
BREAA Vol HOW, VI, GRADR Mxdxl 2
BREAR Vol HD1, VI, CCGX, COGY A xdxbh B

In addition to these structural features, we also consider pixel densities in each of
the cells of a 4 x 4 prid over the raster imape of the skeleton. This 16-component
feature is common for all of the MLP networks considered here. The structural
features, network architectures and mumber of output classes are listed in Table 2.

5. Experimental Results

In this section we present results taken on a set of 11,000 handwritten Bangla
mimerals. These characters are read by 300 dpi HP scanner. We randomly choose
1800 samples (180 samples per class), which is little more than 16% of the whole
data set, as the training set and the test set consists of 7760 characters ( 776 samples
per class). The remaining 1440 samples (144 samples per class) have been used to
construct the validation set.

Based on the topological and structural features obtained in Sec. 4.1, the
corresponding leaf node of the tree classifier is determined and the relevant MLP
network (Table 2) is invoked for the final classification. We use BP algorithm along
with self-adaptive learning rates,® as described in Sec. 2.2, for training the MLP
networks. The training of each of the MLPs starts with 50 nodes in the hidden
layer. However, by removal of hidden layer nodes, described in Sec. 2.2, sizes of
hidden layers of respective MLPs are reduced to different final sizes and these final
gizes are shown in Table 2. Training of these MLPs is terminated on the basis of
the wvalidation set, as described in Sec. 2.2,

The nmumber of nodes in the output layer of each of the MLPs & the number
of concerned classes (Table 2) and these nodes have values in the range between ()
and 1. At the time of recognition, for an input mimeral pattern, the nodes in the
output layer having the maximum and second maximum values are obtained. If the
difference between these two maximum values is less than (0.1, the input numeral
is considered ambipuous and rejected. Otherwise, the node with maximum value
determines the class of the input pattern.

The proposed hybrid classifier is desipned on the basis of the training set. Each

sample in the training set is reclassified using the classifier and the classification
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Table 3. Confusion matrix obtained on the training set of 180 samples.

Recognized as ———&
o] s [a [ 2] 8 [ & e [a]wv]?d]
%1/ 03 02 04 021 032 04 04 045 045
D4 946 08 05 0B 05 03 023 034 06
0.15 15 941 054 038 071 043 03] 025 021
07 041 031 952 034 06 026 032 02 0B1
018] 06 04 04 9476 03 053 074 073 042
012 046 02 13 02% 502 031 03] 057 03
034 045 021 009 023 02 956 02 035 0B
0.4 02 03 024 11 073 04 948 055 064
055/ 061 03 02 047 025 04 03/8573 01
07 034 045 03 05 036 045 04| 043 945

MNumeral
o (T |o(® w8 (oo

Table 4. Confusion matrix obtained on the test set of 7760 samples.

Recognized as ——f
o | 3 | & [o [ 8 [ & [ v | a]|wv]|o5»|
925 05 05 09 06 07 04 04 07 05
04 933 1.2/ 05 0B 05| 03 023 034 10
0.15 3 924 054 038 071 043 03 025 021
11 053 043 936 034 08§ 026 032 02 082
D38 OB 041 12 918 03] 053 074 1.1 083
D12 046 02| 25 026 931 031 03 057 03
034 045 021 16 023 02 941 02 035 06
04 02 03] 024 14 073 04 933 056 064
055, 08 05 02 07 025 04 039503 0.1
11 08 045 03 05 081 045 04 043 9351

Numeral
o [T | 0¥ w8 |0

results are shown in the confusion matrix in Table 3. Here the entry in the ith
row and jth column of the confusion matrix shows the percentage of the number of
times that the oumeral in the ith row is classified as the mimeral in the jth cohimn.
Similarly, Table 4 summarizes the classification results with respect to the test set.
From these matrices it is noted that the correct classification rate is 95.05% on the
training set and 93.26% on the test set. Rejections from the training and test sets
are 1.12% and 1.71%, respectively. Numbers of misclassified samples are 69 and
390, respectively from the training and test sets.

6. Conclusions

The proposed hybrid scheme provides pood classification results for handprinted
Bangla numerals. First, a vector skeleton of the numeral pattern is extracted in
the form of a graph using a computationally efficient self-organizing neural network
model. The advantages of this neural network approach over various conventional
techniques include its capability of higher data reduction and robustness with re-
spect to boundary and interior noise. In Fig. 10(a), a character (eight) affected
by 50% random noise is shown and its skeletal shape representation (obtained by
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Fig. 1.  (a) Noisy input. (b} Output skeletal shape.

MTASONN) is shown in Fig. 10({b). This representation can significantly reduce
the effect of noise so that the recognition is not affected. This fact also ensures that
the method works even if there are small breaks on the contour of a character.

A certain set of topological and structural features of the skeleton praph is then
considered on the basis of which a tree classifier is proposed which classifies input
mimerals into smaller subgroups. Multilayer perceptron classifiers are then nsed for
final classification of numerals belonping to the subgroups.

We have described the present recopnition scheme in the context of handprinted
Bangla pumerals. However, a similar approach may be used for numeral recognition
of variows other scripts. The hierarchical tree classifier and the feature set may,
however, vary in such cases.
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