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Abstract

In this paper, we propose a new approach to improve the performance of multilayer perceptrons operating as autoassociators
to classify graphical items in presence of spot noise on the image. The improvement is obtained by introducing a weighed
norm instead of using the Euclidean norm to measure the input–output accuracy of the neural network. The weights used in
the computation depend on the gradient of the image so as to give less importance to uniform colour regions, like the spots.
A modi2ed learning algorithm (edge-backpropagation) is derived from the classical backpropagation by considering the new
weighed error function. We report a set of experimental results on a database of 134 company logos corrupted by arti2cial
noise which show the e6ectiveness of the proposed approach. ? 2002 Pattern Recognition Society. Published by Elsevier
Science Ltd. All rights reserved.
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1. Introduction

The problem of recognizing graphical items, like trade-
marks and company logos, is very important in the 2eld of
document image processing. In particular, the recognition
of company logos may contribute to identify what category
the processed document belongs to. Logos may have quite
a complex structure including drawings and text. Some re-
searchers have investigated the problem of logo recognition,
mainly by focusing on the analysis of their structure [1,2]
and on the extraction of global or local features [3,4].

Although some good results have been achieved for
clean logos, the major problem of the approaches based on
the structural analysis of the objects in the image is that
they mainly rely on a pure symbolic representation and,
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therefore, they are not very robust with respect to noise that
may change substantially the structure of the image. Be-
cause of their generalization capabilities and noise tolerance
properties, arti2cial neural networks can show good clas-
si2cation performance in tasks involving noisy patterns. In
Cesarini et al. [5] it is shown how autoassociator multilayer
perceptrons can be applied with very promising results to
the recognition of logos corrupted by noise generated using
the imaging defect model proposed by Baird [6] which in-
cludes image rotation, blurring and kerning. However, the
performance of the classi2er drops signi2cantly in presence
of spots which produce a partial obstruction of the image.
Similar problems a6ect methods based on global features,
whereas local invariants are less sensitive [4]. The presence
of spots is quite usual in real-world documents and is due
to the common document processing chain: faxes can show
stripes due to transmission errors or dirt in the equipment;
ink blobs or lines can be inserted accidentally or willingly to
add notes or special signs to the document; Xerox machines
can degrade the quality and introduce blobs or stripes along
the document. Hence, documents are sometimes corrupted
by black stripes or blobs which obstruct the document in
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unpredictable positions, changing the visual appearance of
the pictures signi2cantly. The spots can change drastically
the structure of a symbol (e.g. by closing a hole or connect-
ing two or more distinct subparts), thus making it very hard
the recognition with structural or syntactical methods. On
the other hand, the method proposed in Ref. [5], although
robust enough to deal with “small structural changes”, is
confused by the presence of spots overlapping the logo,
since the neural network learns to reproduce on its output
also the spots on the image. In order to face this problem
we propose the introduction of a new metrics for comput-
ing the approximation error for autoassociator neural net-
works. The corresponding learning algorithm, referred to as
edge-backpropagation (E-BP), is based on an error function
where a di6erent weight is given to the errors computed in
di6erent regions of the image. Basically, the errors are given
a low weight for those pixels where the gradient in the im-
age is low. In doing so, the regions having a uniform colour,
and particularly the spots, yield a little or even null contri-
bution to the learning of the network parameters. Basically,
the algorithm focuses on the edges in the image to perform
the classi2cation. Our experimental results show that E-BP
outperforms backpropagation signi2cantly independently of
the shape of the spot and of the extent to which it a6ects the
logo readability.

The use of the gradient in the modi2ed error function of
E-BP is related to adopting the edge detection of the image
as input features for the autoassociator neural networks. Al-
though the two approaches seem related, our experimental
results indicate clearly that E-BP outperforms the autoasso-
ciators which use edge features as inputs. The better per-
formance is due to the fact that the edge pattern in E-BP is
used to modulate the error contributions and, consequently,
the learning process ignores the area covered by the spots,
thus focusing on the portions with strong edges. As a result,
the network parameters are used more eKciently to model
the informative regions. When using the edge patterns as in-
puts, the error is weighed uniformly over all the image and
the null values corresponding to uniform areas contribute to
the learning like regions with strong edges, since they are
just part of the input.

The idea of applying a problem-speci2c distance measure
is also proposed in Ref. [7], where autoassociator-based
classi2ers, referred to as Diabolo classi7ers, use the tan-
gent distance to evaluate the input–output reconstruction
error of each network. The classi2er is applied to hand-
written character recognition considering a set of seven
transformations for the de2nition of the tangent distance.
These transformations take into account translation, rota-
tion, scaling, axis deformation, diagonal deformation, and
thickness.

This paper is organized as follows. The next section re-
views the architecture of the autoassociator neural networks.
Then, Section 3 introduces the E-BP algorithm. In Section 4
we present the experimental results and, 2nally, some con-
clusions are drawn in Section 5.

2. Autoassociator neural networks

Multilayer perceptrons (MLPs) have been mostly used as
classi2ers, where the pattern membership is typically coded
in the output layer. Unfortunately, this approach is not mod-
ular in the sense that including one more class requires re-
training a new network. Moreover, as recently pointed out,
MLPs acting as classi2ers do not guarantee a reliable pat-
tern rejection [8]. This is a very serious problem, since such
classi2ers cannot be reliably used, unless one knows in ad-
vance that no pattern with membership di6erent from those
considered during the training phase will be processed. An
alternative solution is that of using MLPs operating as au-
toassociators. In this case, each class is modelled by a di6er-
ent network that can be trained using examples only from the
corresponding class. The complete classi2er will be made
up of as many autoassociators as classes. Linear neural au-
toassociators have been proven to perform a PCA on the
training data [9,10]. However, when using sigmoidal units in
the hidden layer, autoassociators used as discriminant clas-
si2ers develop closed decision regions in the input space,
thus yielding a good rejection performance [11,12].

An MLP trained so as to approximate the identity map-
ping on a subset of the input space is said to act as an autoas-
sociator, since it tries to reproduce the input vector onto the
output layer. This architecture has been successfully used
for speech veri2cation [12], currency veri2cation [13], and
for the recognition of graphical objects [5]. A non-linear
neural autoassociator has usually three layers: an input layer
(l = 0) consisting of N (0) = n units corresponding to the
components of the input vector U=[u1; : : : ; un]′ ∈Rn, a hid-
den layer (l=1) with N (1) =H ¡n neurons that compute
their output using a non-linear transfer function, and a layer
(l = 2) of N (2) = n linear output neurons. The activation
ai(l)(U ) of the neuron i in layer l¿ 0, when processing the
input vector U , is computed as

ai(l)(U ) = wi(l) +
N (l−1)∑
j=1

wi(l) j(l−1)xj(l−1)(U ); (1)

where wi(l) is the bias of the neuron i(l), wi(l) j(l−1) is the
weight connecting the neuron j in layer l− 1 to the neuron
i in layer l, and xj(l−1)(U ) is the output of the neuron j of
layer l− 1. The output of each neuron is obtained from the
corresponding activation as follows:

xi(l)(U ) =




ui; l= 0;

�(ai(l)(U )); l= 1;

ai(l)(U ); l= 2;

(2)

where � : R→ (l; u) is a C2 squashing-like function having
positive 2rst derivative. In our case we used �(x) = tanh(x)
and, thus, the interval for the output of the hidden neurons
is (−1; 1).
In order to approximate the identity mapping on the subset

of the input space where the examples from the class to
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Fig. 1. Classi2cation of a input pattern with a classi2er for C classes
based on autoassociator multilayer perceptrons.

be modelled are distributed, the following cost function is
minimized during the training phase:

E(W ) =
P∑

k=1

d(Uk; OW (Uk)); (3)

where {Uk | k=1; : : : ; P} is the learning set, W is the vector
collecting all the weights of the neural network, OW (Uk) is
the vector of the neural network outputs, and d(V1; V2) is
a di6erentiable distance measure between the two vectors
V1 and V2. In the classical autoassociator learning scheme,
d(V1; V2) is de2ned as ‖V1 − V2‖22.

Learning only from positive examples can produce a sort
of overtraining especially if the learning algorithm is run
for too many epochs. Overtraining produces large deci-
sion boundaries that may include points belonging to other
classes, thus reducing the performance of this approach
when building modular classi2ers. To avoid overtraining
when learning only from positive examples the algorithm
must be stopped after an appropriate number of epochs. A
trial and error procedure based on a validation set can be used
to determine this maximum number of epochs. However, in
order to improve the rejection performance of the trained
neural autoassociator, negative examples can be added to
the learning set by introducing a penalty function in the cost
function to penalize a good approximation of the identity
mapping on these examples [12,13,7]. Finally, for a given
task, the optimal number of hidden units can be determined
using trial and error.

In order to build a classi2er for C classes, a di6erent
autoassociator neural network is trained for each class c. The
membership of an input vector U is determined by feeding
the vector to all the neural networks and by comparing all the
input–output errors using the chosen metric d(U;OWc (U )).
The input vector is assigned to the class corresponding to
the autoassociator which yields the lowest error.

Fig. 1 shows a sketch of the complete classi2er for C
classes. A remarkable advantage of this model over discrim-
inant classi2ers, like those based on multilayer neural net-
works, is its modularity: the classi2er can be easily expanded
to new classes without retraining the previous networks.

3. Edge-backpropagation

A classi2er based on neural autoassociators requires a
2xed size vector as input. Although some information may
be lost, a preprocessing step is needed to obtain a 2xed size
vector with a reasonable dimension from images which have
variable dimensions and usually contain a huge number of
pixels. This is accomplished by the following two steps:

(1) Pattern acquisition: The location of the pattern and the
segmentation of the image can be obtained (see e.g.
Ref. [5]) by means of a morphological transformation
and by the extraction of the connected components in
the document. In this paper, we will not describe these
steps and the reported experiments will refer to images
of previously segmented patterns.

(2) Image partitioning and frame 7tting: The size of the
pattern is reduced by 2tting it on a 2xed size frame
of w × h elements. The value for each element of the
frame is obtained by averaging the grey levels of the
pixels in the corresponding region of the original image
and by normalizing it using the maximum grey level.
Thus, the vector components are all in the range [0,1].
After this step, each input image is reduced to n=w ∗h
values which constitute the components of the input
vector for the neural network. For the experiments we
used a 16× 16 grid, yielding an input vector with 256
components. The subsampling also has a low-pass e6ect
which reduces the presence of impulsive noise on the
image (salt-and-pepper noise). If the original image has
a width of W pixels and a height of H pixels, each
element in the grid will have a width of fw = W=w
pixels and a height of fh = H=h pixels in the original
resolution.

3.1. Dealing with spot noise

When dealing with graphical items corrupted by spot
noise, the autoassociator neural networks should neglect as
much as possible the information related to regions hav-
ing uniform colour and should use primarily the edges in
the image as features to perform the classi2cation. This
requirement can especially improve the extraction of more
robust features when training the neural network from
examples. In the case of classi2ers based on autoasso-
ciator neural networks, this principle can be pro2tably
implemented by changing the metrics used to measure the
input–output error, assigning a di6erent weight to the error
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computed in di6erent areas of the image. This solution yields
a more eKcient use of the neural network weights.

Let w and h be the width and height of the input frame,
respectively, and let n = w ∗ h be the number of inputs
to the neural network. For each pattern, the weighed norm
measuring the approximation error of the neural network p
is de2ned as follows:

Ep =
n−1∑
k=0

�k(o
p
k − uk)

2; (4)

where uk is kth component of the input vector, opk the corre-
sponding output, and �k is the weighing factor used to mod-
ulate the contribution of each pixel. This factor depends on
the gradient computed on the image, 1 which takes into ac-
count the relationship between k and the coordinates (i; j)
of each pixel in the image (i = k modw, j = 
k=w�). The
weighing factor �k is determined on the basis of the magni-
tude of the gradient ‖∇f(i; j)‖ by means of the following
equation:

�k =
‖∇f(k modw; 
k=w�)‖ − gmin

gmax − gmin
; (5)

where gmin=mini; j‖∇f(i; j)‖, gmax =maxi; j‖∇f(i; j)‖, and
f(i; j) is the grey level matrix of the image.
The e6ect of introducing the weight �k can be appreciated

when looking at the example reported in Fig. 2. It can be
easily noticed that in the area in which the spot is present,
the weight �k gives a di6erent contribution to the errors with
respect to the clean pattern. In particular, �k is zero in the
area corresponding to the spot, thus avoiding its contribu-
tion during the learning process. As a result, the network pa-
rameters are updated by taking into account only the part of
the logo which is clearly readable and the network learning
capabilities are not wasted in the reproduction of the noise.

In order to show the e6ectiveness of the proposed ap-
proach we also considered the edge pattern computed on the
image, p(i; j)=‖∇f(i; j)‖. Then like in the case of the grey
level feature extraction, the number of components of the
input pattern is reduced by down-sampling the image using
a 2xed size grid and each component is normalized in or-
der to yield a set of values in [0; 1]. It is worth mentioning
that the proposed method, based on the weights �k , is signif-
icantly di6erent with respect to feeding the autoassociators
with the patterns obtained by the edge detection processing.
In that case an autoassociator neural network trained using
an error function based on the Euclidean norm would still
be forced to reproduce the large zones of the logo with a ho-
mogeneous grey level which correspond to regions of null
gradient in the edge feature space.

3.2. The learning algorithm

The training algorithm based on the edge-weighed error
function needs just a slight change in the backward step

1 The gradient is computed for each pixel in the image using the
Sobel’s operator.
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Fig. 2. Two instances of an arti2cial pattern: one is clean (a); the
other one contains a spot (b). The values of the weighing factors
�k are shown in the pictures (c) and (d). In (d) the �k factors are
null for the pixels corresponding to the spot.

of the classical backpropagation (BP) algorithm. Let us in-
troduce the following notation: Owi(l) j(l−1)(t) is the weight
change for the weight wi(l) j(l−1) due to the error contribu-
tion of the input pattern t; #(t) is the learning rate, ui(t) is
the target value for the neuron i corresponding to the output
oi(t), �i(t) is the weight associated with the ith output, and
$k(l)(t) is the delta error for the generic neuron k in layer l.
The learning algorithm is simply based on gradient descent
according to

Owi(l) j(l−1)(t) =−#(t)
9E(t)

9wi(l) j(l−1)

=−#(t)$i(l)(t)xj(l−1)(t): (6)

The only di6erence with respect to the classical BP algo-
rithm concerns the computation of the delta errors for the
output units

$i(2)(t) = �i(t)(oi(t)− ui(t))

=
‖∇f(t)(imodw; 
i=w�)‖ − gmin

gmax − gmin
(oi(t)− ui(t)):

(7)

Of course, the backward step is the same as in the classical
BP.

Following the scheme depicted in Section 2, a neural net-
work is trained for each of the pattern classes. To classify an
image, the corresponding input vector is fed to all the neural
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Fig. 3. Some examples of logos in the database used for the experiments.

networks. The input is assigned to the class corresponding
to the neural network that yields the minimum value for the
gradient-weighed input–output error Ep.

4. Experimental results

We carried out a set of experiments in order to compare
the performance of the proposed learning scheme with re-
spect to the traditional neural networks based on the Eu-
clidean norm using the raw images and the edge patterns
as inputs. The evaluation was based on a database of logos
which contains text-like logos (e.g. logo89, Fig. 3), pure
pictorial logos (e.g. logo11, Fig. 3), and text-graphics mix-
ture logos (e.g. logo6, Fig. 3). The complete database con-
tains 134 images and was obtained by adding 28 images to
a subset of logos taken from the database distributed by the
Document Processing Group, Center for Automation Re-
search, University of Maryland. 2 The logos in the data set
have very di6erent sizes; the largest one is 802×228 pixels
and the smallest one is 121 × 145 pixels. For each class, a
set of noisy instances were obtained by adding random noise
to the original image by using the noise models described
in the following subsection.

4.1. Noise models

We used two di6erent models of noise to alter the original
images: spot noise and Baird noise [6]. The proposed mod-
els simulate most of the defects introduced when managing
documents on paper, like making xeroxes or faxing.

We considered two types of spots, namely stripes and
blobs (see Fig. 4). A stripe can be described by the follow-
ing parameters: the coordinates (Sx; Sy) of the centre of the
stripe, the width of the stripe, the length of the stripe, and
the angle ' between the lower edge of the stripe and the
horizontal direction de2ned in the image. Blobs were gen-
erated by means of isolated circular spots. A blob is de2ned
by the coordinates (Cx; Cy) of its centre and by its radius.

2 The logo database and the program used for noise corruption
are available at ftp://dsi.ing.uni2.it/pub/logo/logo.tar.gz.
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Fig. 4. The e6ect of spot noise: stripes and blobs are used to corrupt
the original images.

The Baird noise model can simulate noise which is homo-
geneously distributed on the document. In our experiments
we used the following types of imaging defects:

(1) Image rotation: This procedure simulates the noise pro-
duced by inclinations that may occur in the acquisition
procedure or when managing the document (e.g. mak-
ing a xerox). The rotation angle is calculated by a uni-
form probability distribution in the range ['min; 'max].

(2) Image kerning: It simulates the translation of the image
along the X - and=or the Y -axis by the parameters dx
and dy, respectively.

(3) Image blurring: In Ref. [6], the point-spread function
(or, impulse response function) of the combined print-
ing and imaging process is modelled by a circularly
symmetric Gaussian 2lter with a standard deviation of
�b in units of output pixel size. In fact, �b ¡ 0:7 implies
e6ectively zero cross-talk between non-8-connected
pixels and it may be close to the optimal hardware
design for bilevel scanners. Basically, the image is
convoluted with the Gaussian function

g(x; y) =
1

2+�2
b
e−(x2+y2)=2�2b : (8)

ftp://dsi.ing.unifi.it/pub/logo/logo.tar.gz.
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Table 1
Parameters for Baird’s image defect model

Rotation Kerning Kerning Blurring Sensitivity
(') X (dx) Y (dy) (�b) (s)

[− 5; 5] [0; fw] [0; fh] [0; 5] [0:1; 0:2]

Values are chosen randomly in the speci2ed intervals for each
image. Rotations are expressed in degrees. The maximum values
for the translations depend on the size of the elements of the
down-sampling grid.

(4) Variation of sensitivity: The variation of sensi-
tivity among the pixel sensors during the acquisi-
tion is simulated by varying the grey-level of each
pixel. The amount of variation var, is calculated by
var = 255N (0; s), where N (0; s) is a normal distribu-
tion with mean 0 and variance s. A di6erent random
value is generated for each pixel. When the vari-
ance s is high enough, this noise corresponds to the
salt-and-pepper noise.

4.2. Experiments with Baird noise

The classi2er is based on 134 neural networks acting as
autoassociators. Each autoassociator was trained to recog-
nize the logos of a given class. We used neural networks
with 256 inputs (from a 16 × 16 sampling grid 3 ) and 30
hidden neurons. The number of inputs and the number of
hidden units was determined by trial and error. Four hun-
dred patterns per class were generated from the original im-
age using di6erent values for the parameters of the Baird
noise model. The values used to generate the Baird noise
are shown in Table 1. These values were chosen in order
to model the average quality of scanned documents. Half
of these patterns were used for training and half of them
for the test phase. The task turned out to be quite simple:
after 1000 epochs of training, the trained autoassociators
were capable of recognizing all the examples in the learn-
ing set and 100% correct recognition rate was also obtained
for the examples in the test set for both BP and E-BP. The
recognition rate for the autoassociators trained with BP on
the edge patterns was 99.96%, that is just slightly lower.

4.3. Experiments with spot noise

We generated a set of 400 examples for each class of lo-
gos by adding both blobs and stripes to the original images.
The parameters used to de2ne the stripes and blobs are rela-
tive to the image dimensions. Thus, the width of stripes was
randomly chosen in the interval [0; 0:2], the horizontal and
vertical coordinates of their centers in the interval [0.1,0.8].
The radius of blobs was constrained in the interval [0,0.2],

3 The grid size was determined by choosing the smallest size
yielding a good classi2cation performance.

Table 2
Comparison of the recognition performance of the three di6erent
classi2ers for di6erent grey levels of the spots added to the images

Grey level BP BP (edge) E-BP

0 (white) 78.96 79.7 92.37
60 91.86 76.8 98.84
120 96.93 77.4 99.04
190 89.61 76.7 95.63
255 (black) 76.46 78.3 88.4

while the position of the coordinates of their centers was
chosen from the interval [0:1; 0:8]. Fig. 5 shows some ex-
amples of noisy instances obtained from an original logo.
For each instance the 16× 16 grid that is used as input for
the network is shown.

Since the e6ects of spots may depend on their grey level,
we repeated the experiments for di6erent values of the grey
level. Table 2 reports the recognition accuracy on the test
set for the three classi2ers. The 2rst two columns refer to
the classi2ers built with neural autoassociators using the
Euclidean norm in the case of input features consisting of
the pixel grey levels and the edge patterns, respectively.
The last column reports the performance of the proposed
E-BP algorithm. It turns out that E-BP outperforms signi2-
cantly the other approaches regardless of grey levels of the
spots.

4.4. Experiments with spots of varying dimensions

This section demonstrates the e6ectiveness of the pro-
posed scheme on the basis of a subset of the whole database
consisting of 88 logos when varying the extent of the spots.
We performed a set of experiments considering both stripes
of increasing width and blobs of increasing radius. Fig. 6
reports the recognition performance of the classi2er when
varying the spot extension for the two cases of stripes and
blobs, respectively. It can be seen that, as the width of the
stripe or the radius of the blob increases, E-BP exhibits a
signi2cantly better performance with respect to BP. We can
group the patterns into three categories: the patterns in the
2rst category are neither recognized by BP nor by E-BP; the
patterns in the second category are recognized correctly by
E-BP, whereas the traditional BP fails, and the patterns in the
third category are classi2ed perfectly by both approaches.
Some logo instances for all the three categories are shown
in Fig. 7. It is evident that both approaches fail when the
obstruction covers most of the image, but E-BP is able to
deal with cases where the obstruction is signi2cant but not
too destructive, whereas BP fails.

5. Conclusions

The recognition of patterns with partial obstructions is
a very hard problem for most classi2ers which are typ-
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Fig. 5. An example of a logo at the original resolution and some noisy input patterns derived by applying the spot noise model.
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Fig. 6. Recognition performance with respect to the stripe width (a) and the blob radius (b) (in pixels). The results compare E-BP with
classical BP.

Fig. 7. Some logo instances belonging to categories I–III. Logos
in category I are neither recognized by E-BP nor by BP. Logos in
category II are recognized by E-BP but not by BP, while logos in
category III are recognized correctly by both approaches.

ically confused by the presence of large portions which
do not carry information. In this paper, a novel approach
based on arti2cial neural networks is proposed to face this
problem.

It is shown that the basic idea of giving di6erent
weights to the pixels in the image can be implemented
straightforwardly by modifying the error computation
for the outputs in the backward phase of the classical
BP algorithm. The proposed approach makes it possi-
ble to focus the learning process on those parts of the
image which convey signi2cant information, while ne-
glecting obstructions created by stripes and blobs. The
experimental results show that E-BP outperforms sig-
ni2cantly BP, no matter what kind of spot is used
and the extent to which it a6ects the logo readability.
Even though the e6ectiveness of E-BP has been as-
sessed on a speci2c task of logo recognition, the pro-
posed approach is likely to be successful in any re-
lated problem of pattern classi2cation under partial
obstruction.
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