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Abstract
High accuracy recognition techniques can provide useful information for the segmented handwritten and
printed characters recognition systems. This research describes and analyses performances of a new
statistical approach of features extraction for handwritten, printed and isolated numeral recognition.
The novel feature extraction approach is a combination of two statistical techniques, the first method is
the ameliored transitions feature, where transitions between background and foreground pixels in the
character image are calculated, and the second one is profile projection. Numeral recognition is carried
out in this work through k nearest neighbors and fuzzy min max classifiers and shows a high recognition
rate.
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1. Introduction
Characters recognition is a very complex task since different writing styles and handwriting variability can
produce extreme differences in characters. In this paper we consider offline recognition of handwritten numerals
which are used in several sectors such as postal sorting, bank cheque reading, order form processing, etc.
A character recognition system generally consists of three major components: preprocessing, features extraction
and classification.
Usually, the preprocessing phase depends on the feature extraction method used. Generally, it consists of
discarding the imperfections by binarization, reducing the analyzed area by cropping and correcting the size of the
particular image by normalization.
No matter what character is considered, the feature extraction [1] process plays a fundamental role in character
recognition. It consists of transforming the image into an attribute vector, which contains a set of discriminated
characteristics for recognition, and also reducing the amount of information supplied to the system. Thousands of
different features have been considered in the literature, such as invariant moments [2], Zernike moments [3],
Freeman coding [4], Fourier descriptors [5], Loci characteristics [6], etc.
Classification is the step of decision, which realizes the recognition. It consists of partitioning a set of data entity
into separate classes according to a similarity criterion.
In the literature, different methods of classification are proposed such as neural networks [7], support vector
machines [8], k nearest neighbors [9], k-means, fuzzy min max, etc.
In order to validate our contributions, we have used in this work a database of 600 numerals, 60 numeral images of
each numeral, printed and handwritten, provided by various categories of writers and written by different styles,
fonts and scripts,. The used database is split into two sets, 400 numeral images for learning and 200 numeral images
for test.
In this research of numeral recognition, we present a new feature extraction approach that combine the two
statistical methods, profile projection and ameliored transitions features. This work is organized as follows: Section
2 presents the used numeral features extraction methods. Classification methods are discussed in section 3. The
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proposed system for numeral recognition is presented in section 4. Result of simulations and comparisons are
discussed in section 5 and then we give a conclusion.

2. Features extraction methods
The extraction of primitives is a very important step in the recognition system. In fact, even using a highperformance classifier it cannot compensate for a bad choice of primitives. Features extraction consists of
representing objects by a vector of characteristics of fixed size and to keep only characteristics that contain the most
discriminating information.
In this context, we will focus on statistical primitives because of their efficiencies and their robustness. These
methods are described in the section below.
2.1 Profile projection
Profile projection is a statistical method widely used in handwritten characters recognition, barcodes [10], etc. It
consists of calculating the number of background pixels between the left, the bottom, the right, the top edge of the
image and the first foreground pixel met on this row or column (Fig. 1).

Figure 1. The four profile projection of numeral ‘5’
This method requires a phase of preprocessing shown in Fig. 2. It consists of binarizing the numeral input image
which is presented in grey level, and then we preserve the numeral position in image by cropping it. The final stage
is to normalize the image in a predefined size.
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Figure 2. Different steps for preprocessing of numeral ‘5’
2.2 Ameliored transitions features
The traditional transition feature was originally proposed in [11]. In this technique, transition calculations are
performed based on traversals in four directions, left to right, right to left, top to bottom and bottom to top.
The ameliored transition feature used in this research is based on the traditional method. It consists on calculating
the number of transitions from a background to foreground pixel of four different profiles, horizontal (H), vertical
(V), and two diagonals (D-left and D-right) as shown in Fig. 3. Finally, all transition features values are processed to
form a transition feature vector.
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Figure 3. Calcul of primitives by the ameliored transition features
The ameliored method of transition allows a better recognition rate than the traditional one. This can be attributed
to the fact that the attribute vector contains more information and can separate between different numerals.
The image of numeral used to extract the primitives vector is first subjected to a preprocessing steps. It consists of
binarizing the numeral input image that is presented in grey level, and then we preserve the numeral position in
image by cropping it. The next stage is to normalize the image in a predefined size and finally to skeletonize the
resultant image.

3. Classification methods
3.1 K Nearest neighbors (k-NN)
K nearest neighbors is a widely used method for data classification. Proposed in 1967 by Cover [12], it has been
widely used in handwritten numerals recognition for its simplicity and its robustness [9]. K-NN is a method, which
was inspired from the closest neighbor rule. It is based on computing the distance between the test sample and the
different learning data samples and then attributes the sample to the frequent class of their k nearest neighbors.
Algorithm 1 : K nearest neighbors
- Let L = {(xʹ, c)/xʹ Є, ℝN, c = 1,2,…, 𝒞} the learning set.
- Let x the example to determine its class.
1: For each object xʹ of the set L
- Compute the distance between the object x and the object xʹ, d(x, xʹ).
- Classify the different distances in increasing way.
End
2: For every {x’ Є k-NN(x)} do :
- Identify the most frequent class.
End
3: Assign to x the identified class.

3.2 Fuzzy Min Max Classification (FMMC)
FMMC is a classification method introduced by Simpson [13] in 1993 based on neural network architecture.
FMMC contains three layers: input, output and hidden layers, see Fig. 4. The number of neurons in the input layer is
equal to the dimension of the data representation space. The number of neurons in the hidden layer increases in time,
with respect to the creation of prototypes. The number of neurons in the output layer is equal to the number of
classes known initially.
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Figure 4. Structure of FMM network
The learning process is made in three steps: expansion overlapping and contraction repeated for each training input
pattern [17]. These phases are controlled by two parameters: the sensitivity and the vigilance factor that control the
maximum size of created hyperboxes.
The fuzzy hyperbox membership function [14,15,16] of an observation Oi to an hyperbox bj is defined as follows:
1
𝑏! 𝑂! =
2𝑁

!

max 0,1 − max 0, 𝛾 min 1, 𝑎!" − 𝑤!"

+ max (0,1 − max (0, 𝛾 min(1, 𝑣!" − 𝑎!" )))

!!!

where Oi =(𝑎!! , 𝑎!! , ⋯ , 𝑎!" ), is the ith input pattern, Vj =(𝑣!" )!!!!! , and Wj =(𝑤!" )!!!!! are the minimum and
maximum points of bj respectively, 𝛾 is the sensitivity parameter that regulates how fast the membership value
decreases. The combination of the min-max points and the hyperbox membership function defines a fuzzy set.
The learning process of the FMMC method is presented in Algorithm 2.
Algorithm 2: FMMC
1: Initial values for γ and θ.
2: Assume that the first input pattern form a hyperbox B1, defined by its min point (V1 ,W1 ) where V1= W1= O1.
3: Repeat
- Select a new input pattern (Oi, dk) of the set A, identify a hyperbox for the same class, and provide the
highest degree of membership. If a hyperbox cannot be found, a new hyperbox is formed and added to the
neural network.
∗
∗
, 𝑤!"
), where
- Expand the new created hyperbox Bj defined by a couple of points (𝑣!"
∗
∗
𝑤!" = max (𝑤!" , 𝑎!" ) and 𝑣!" = min (𝑣!" , 𝑎!" ), 1≤n≤N.
!

- Compute the size T where:
𝑇= ( !
!!!(max 𝑤!" , 𝑎!" − min (𝑣!" , 𝑎!" )))
!
* If T>θ, a new hyperbox is created. Otherwise, we check if there is an overlap between the hyperbox Bj
expanded in the last expansion step, and the hyperboxes which represent other classes than that of Bj.
- If an overlap between two hyperboxes of two different classes has been detected, a contraction of the two
hyperboxes is carried out. Four possible cases for overlapping and contraction procedures are discussed in
[15, 16].
4. Until stabilization of hyperboxes.
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4. Proposed system
In this work, the proposed system of recognition (Fig. 5) is the combination of two methods of features extraction.
The first one is the profile projection method, while the second one, is the ameliored transitions features method that
consists on calculating the number of transitions from a background to foreground pixel of four different profiles,
horizontal, vertical, and two diagonals.

Input image
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Image in gray level

Binarization

Skeletonization

Cropping

Normalization

Features extraction:

Features extraction:

Ameliored transition features

Profil projection

+

Classification:

-k-NN
-FMMC
Figure 5. Scheme for numeral recognition of the proposed system
As every recognition system, it is necessary to begin with the preprocessing step. In our case, the preprocessing
stage is so fast in computing time. It consists of:
• Binarizing the numeral input image which is presented in grey level using the global thresholding which
consists on taking an adjustable and identical threshold for the entire image,
• Cropping the image to preserve only the numeral position,
• Normalizing the image in a predefined size to ensure that all processing on the images is performed on the
same size and to reduce the learning time,
• Skeletonizing the image to preserve only the skeletal of the numeral.
This last step (skeletonization) is applied just to the ameliored transition features method.
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After the preprocessing, features extraction is carried out by the two methods that are, the ameliored transition
features and the profile projection. So, the attribute vector is formed by concatenating the two primitive vectors
formed by the distance of profiles and by the number of transitions. This technique allows having more information
about the input image and avoid similarities between numbers.
Classification is carried out through the k-NN and Fuzzy min-max classifiers.
In order to evaluate our recognition system, we have used a database of 600 numerals, provided by different writers,
written by different fonts and police. A sample of the database is shown in Fig. 6. The database is divided into two
sets, one set of 400 numerals is used for learning and the remaining 200 numerals are used for the test stage. Classes
are equiprobables. The software used in this work is MATLAB.

Figure 6. Sample of handwritten and printed numerals

5. Experimental results and comparative study
In a first test, several simulations were carried out to calculate the recognition rate according to the size of
normalization of the numeral. We have used as features extraction methods, the profile projection and the ameliored
transitions features. FMMC and k-NN methods are used for classifiation task. For the parameter K, we have varied
K from 1 to 9 and we have retained the value of K that gives the best recognition rate.
In Table 1 we notice that the ameliored transition features method obtained a very important recognition rate
especially with size of normalization 40 x 40. It’s equal to 96% by k-NN and 97.5% by FMMC. We notice also that
the profile projection method obtained a good recognition rate equal to 95% by k-NN and 94.5% by FMMC with
size 50 x 50 of normalization.
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Table 1. Recognition rate by k-NN and FMMC for profile projection and ameliored transitions methods

Size of normalization
32*32
40*40
45*45
50*50
55*55

Profile Projection
k-NN (%)
FMMC (%)
94.5
94.5
93.5
93.5
94
93.5
95
94.5
95
94

Ameliored transitions
k-NN (%)
FMMC (%)
95
96
96
97.5
94.5
96.5
94.5
96.5
94
97

In a second test, it concerns our proposed system that is the combination of the profile projection method and the
ameliored transition features method. The attribute vector is formed by concatenating the two primitive vectors
formed by the distance of profiles and by the number of transitions in four different profiles. As regards the size of
normalization, we chose those of better recognition rate.
Table 2 illustrates the number of objects that are well ordered for each class of numerals by k-NN and FMMC
classifiers. This table shows also the recognition rate of each numeral as well as the average rate of recognition.
Each class contains 20 objects.
Table 2. Numeral recognition rate of our proposed system using k-NN and FMMC
Numerals

1
2
3
3
5
6
7
8
9
0
Average rate (%)

Number of
objects well
ordered by
k-NN
20
19
19
20
19
19
20
19
20
20

Recognition rate
by k-NN (%)
100
95
95
100
95
95
100
95
100
100
97.5

Number of
objects well
ordered by
FMMC
20
20
20
20
19
19
20
20
20
20

Recognition rate
by FMMC (%)
100
100
100
100
95
95
100
100
100
100
99

Table 2 shows that the average rate of the numeral recognition is very satisfying which proves the performance of
our proposed system; it’s equal to 99% by FMMC and 97.5% by k-NN. This study shows that the combination of
two features extraction provides much more details on each numeral which helps to characterize the number more
reliably and therefore having a recognition rate higher than using a single technique.

6. Conclusion
The recognition system proposed in this work goes through the three main steps: preprocessing, features extraction
and classification. The extraction of primitives combined the two techniques profile projection and the ameliored
transition features to determine the attribute vector. Classification uses the k-NN and the fuzzy min-max methods.
The simulation results show a clear improvement of the recognition rate and confirm the good performance of the
proposed system. The recognition rate of 99% was achieved despite the different styles, fonts, scripts and writers.
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