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Abstract

This paper validates a recognition system using bi-
dimensional wavelet transforms as feature extractor and
investigates the relevance of each subband image in the
recognition process. An experiment to verify the efficiency
of the wavelets was performed omitting the feature extrac-
tion step. Results show that information about the relevant
image features are evenly distributed in all subband images
of wavelet coefficients and that wavelets are promising fea-
ture extractors. Numerals from the NIST database were
used for evaluation of the systems tested.

1. Introduction

The recognition of handwritten numerical characters has
been a topic widely studied during the recent decades be-
cause of both its theoretical value in pattern recognition and
its numerous possible applications, such as automatically
processing postal ZIP codes from mail pieces and money
amount in bankchecks [2]. However, it proves to be a chal-
lenging problem due to the large variance the data may ex-
hibit. Not only there are changes and distortions from one
writer to another, but even for samples produced by the
same writers [1]. To attain high recognition rates despite all
variations present, many methods to extract features have
been proposed over the years [2, 7].

The wavelet transform is a new tool that has been applied
in many disciplines, including image processing [3, 9]. Due
to the multiresolution property, it decomposes the signal at
different frequency scales. For a given image the wavelet
transform produces a low frequency subband image reflect-
ing its basic shape and three subband images that contain
the high frequency components of the image at horizontal,
vertical and diagonal directions. These components can be
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used to construct the feature vector in a recognition system
[8].

In a previous work [8], a scheme to recognize uncons-
trained handwritten numerals using the spline wavelets
Cohen-Daubechies-Feauveau (CDF) 3/7 to extract features
was proposed. In this system, the numerals were size nor-
malized to 16 � 16 pixels. After the preprocessing stage,
the bi-dimensional wavelet transform was applied and the
four resulting subband images of coefficients were used as
feature vector. The classifier was a multilayer cluster neu-
ral network [10] trained with the backpropagation momen-
tum algorithm. The results obtained with the CENPARMI
database, using 4000 numerals for training the network and
2000 numerals for testing, yielded a recognition rate of
94.7%.

Four experiments are performed in this paper, in or-
der to test improvements in the performance of the recog-
nition system using the spline wavelets CDF 3/7. The
first experiment validates the system using numerals from
NIST database which is much larger than the CENPARMI
database previously used. The second experiment uses an
independent neural network for each subband image of the
feature vector to verify the importance of each one in the
recognition process. Ten neurals networks trained with dis-
tinct classes (one for each class) are tested in the third ex-
periment. For the forth experiment the size normalized nu-
merals are presented directly to a neural network without
any feature extraction step.

2. Biorthogonal Wavelet Systems

Biorthogonal wavelet systems can be obtained using
the analysis filters for decomposition and the synthesis fil-
ters for reconstruction. Associated with the analysis filters
(h and g) and the synthesis filters (h0 and g0) are the sca-
ling function �(x) and the dual ~�(x), respectively defined
by
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The wavelet  (x) and its dual ~ (x) are defined as
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The system is said to be biorthogonal if the following
four conditions hold:
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The analysis and synthesis filters are related as

g(n) = (�1)nh0(1� n); g0(n) = (�1)nh(1� n) (7)

These filters not necessarally are identical, as they may
be of unequal length. Table 1 shows the filters coefficients
h(n) and h0(n) for the bases CDF 3/7 [3].

In two-dimensional wavelet decomposition, the analysis
scaling function can be written as

�(x; y) = �(x)�(y) (8)

where �(x) is a one-dimensional scaling function.
Let (x) be the one-dimensional wavelet associated with

the scaling function �(x). Then, the three two-dimensional
analysis wavelets are defined as

 LH(x; y) = �(x) (y) (9)

 HL(x; y) =  (x)�(y)

 HH (x; y) =  (x) (y)

Figure 1 represents one level 2D wavelet decomposition.
The rows and columns of the image are convolved with the

Table 1. Filter coefficients for the analysis h(n)
and synthesis h0(n) CDF 3/7 wavelet bases

h(n) h0(n)
0.1767766 -0.003021
0.530330 -0.009063
0.530330 -0.016831

0.1767766 0.074663
0.031332
-0.301159
-0.026499
0.951642
0.951642
-0.026499
-0.301159
0.031332
0.074663
-0.016831
-0.009063
-0.003021
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Figure 1. One level 2D wavelet decomposition
using a bank of one-dimensional low- pass
and high-pass analysis filters.

one-dimensional analysis filters, where h(n) and g(n) act as
low-pass and high-pass filters, respectively. This decompo-
sition provides subband images corresponding to different
resolution levels and orientations. The subband image A j

LL

corresponds to the lowest frequencies (global characteris-
tics), Dj

LH gives the vertical high frequencies (horizontal
details), Dj

HL the horizontal high frequencies (vertical de-
tails) andDj

HH the high frequencies in both diagonal direc-
tions (diagonal details).

More details about wavelets can be found in the literature
[3, 9].

3. Feature Extraction

The numerals are initially size normalized to 16 � 16
pixels [5]. In the sequency, the wavelet decomposition is



applied at one level of resolution, yielding four subband
images fA�1LL; D�1LH ; D�1HL; D�1HHg, each containing 8 � 8
pixels as shown in Figure 2. Therefore, the feature vector
is formed by these subband images. For each subband ima-
ge the values of the wavelet coeficients are normalized to
the range [0,1]. This procedure improves recognition by the
neural network.
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Figure 2. Feature Extraction at one resolution
level with CDF 3/7.

4. Experiments Performed

The four experiments performed are described below:

� Experiment 1: feature vector consists of all subband
images and classification is done by a three layer clus-
ter neural network [10]. Each cluster in the input layer
is fully independently connected to a corresponding
cluster in the hidden layer. The architecture of this
multilayer cluster neural network is presented in Fi-
gure 3;

� Experiment 2: in order to verify the importance of
the features given by each subband image, four inde-
pendent neural networks are used. Each network cor-
responds to one subband image as shown in Figure 4.
The final decision is made by combining the outputs of
all four networks;

� Experiment 3: ten individually multilayer cluster neu-
ral networks are used, one per class of numerals. The
outputs layers have only one unit. Each neural network
is trained enabling only one class. Figure 5 shows this
architecture;

� Experiment 4: feature extraction is omitted here and
the normalized numerals are presented to a fully con-
nected three layer network. The objective is to verify
the relevance of the wavelet features for the recogni-
tion process.

0 1 2 3 4 5 6 7 8 9
Output Layer   10

Hidden Layer   4x8x8

Input Layer     4x8x8

Figure 3. Architecture of the multilayer cluster
neural network.
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Figure 4. Architecture with four independent
neural networks, one for each subband im-
age.
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Figure 5. Architecture with ten independent
neural networks, one per class of numeral.

5. Experimental Results

All the experiments were evaluated using the NIST
database. The training and validation sets are composed
of 195,000 and 28,123 samples from hsf 0,1,2,3 series, re-
spectively, while test set are composed of 60,089 samples
from hsf 7 series.

The parameters used in the neural network were set ini-
tially as 0.5 for the learning rate and 0.9 for the momentum
term. The learning rate is decremented every 25 epoches.
All the weights are started with random values between the
range -1 and 1, and are up-dated using the backpropagation
momentum algorithm. A numeral is classified as belonging
to class i, if the i-th output of the neural network produces
the largest value.

The average recognition and error rates for all experi-
ments are shown in Table 2. It is observed that experi-



ment 1 produces the best results. A comparision between
this experiment and the one performed by Correia et al.
[8] using the CENPARMI database shows an improvement
of 3.55% in recognition. Two factors may justify this im-
provement: a) the NIST database is much larger than CEN-
PAMI’s, therefore allowing for better learning by the net-
work, and b) the characters in the NIST database have a
much more uniform behaviour than those found in the CEN-
PARMI database.

Oh and Suen [4] proposed a class-modular feedfoward
neural network for handwritten recognition. The results ob-
tained training the network using 4000 numerals from CEN-
PARMI database show that modular systems using indivi-
dual subnetworks for each class achieve better performance
than a classical network. For the present work the same
conclusion was not reached, as can be observed comparing
the results for experiments 1 in Table 2. Training ten net-
works, one per each numeral class (experiment 2) results in
a slighty reduction of the recognition rate.

The results for each subband image network in experi-
ment 2 is shown in Table 3. These results show the rele-
vance of each subband image for the recognition process.
They indicate that information is evenly distributed in all
subband images, since the performance of each one is al-
most the same. Therefore, it is impossible to determine
which subband image contains more important characteris-
tics. Results from experiment 4 when compared with those
of the other experiments show the relevance of extracting
features with wavelets, as oposed to no feature extraction at
all.

Other works published in literature uses the same train-
ing and testing sets from NIST dabase. The system pro-
posed by Oliveira et al. [6] which uses three features sets
provides recognition rate of 99.13 %. The system proposed
uses only the directional features obtained by the wavelets.

Table 2. Average Rates

Average RatesExperiments
Recognition (%) Substitution (%)

Experiment 1 98.25 1.75
Experiment 2 97.84 2.15
Experiment 3 98.11 1.89
Experiment 4 73.62 26.38

6. Conclusions

In this paper four experiments were realized in a
handwritten numerical recognition system that uses bi-
dimensional wavelet transform in the feature extraction
step. The potencial of the wavelet extracted features and

Table 3. Performance of each subband image
of wavelet coefficients

Rate A�1LL D�1LH D�1HL D�1HH
Recognition (%) 97.86 97.82 97.84 97.16

the contribution of each subband image for the recogni-
tion process were investigated. Results show that all sub-
band images of coefficients have equivalent discriminat-
ing power and that the system without wavelets provides
inferior recognition rates compared to the systems of ex-
periments 1, 2 and 3. Therefore, the overall conclusion is
that wavelets are a promising feature extractor for numeral
recognition systems. In order to improve system perfor-
mance future works will explore other ways to use wavelets
as feature extractors, will test other resolution levels and
mix wavelets with other feature sets.
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