A neural-based architecture for spot-noisy logo recognition
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Abstract

Much attention has recently been paid on the recog-
nition of graphical objects, like company logos and
trademarks. Recognizing these objects facilitates the
recognition of document class. Some promising results
have been achieved by using Autoassociator-based Arti-
ficial Neural Networks (AANN) [1]. in the presence of
homogeneously distributed noise. However, the perfor-
mance drops significantly when dealing with spot-noisy
logos, where strips or blobs produce a partial obstruc-
tion of the pictures.

In this paper, we propose a new approach for train-
ing AANNs especially conceived for dealing with spot
noise. The basic idea is that of introducing a new met-
rics for assessing the reproduction error in AANNs,
The proposed algorithm, which is referred to as Spot-
Backpropagation (S-BP), is significantly more robust
with respect to spot-noise than classical Euclidean
norm-based Backpropagation (BP). Our experimental
results are based on a database of 88 real logos that are

artificially corrupted by spot-noise 1.

Keywords: Auto-associator; Image defect mod-
els; Logo recognition; Neural networks; Sobel operator;
Spot Backpropagation; Spot noise.

1 Introduction

In many applications in the field of document pro-
cessing, the recognition of logos is a very important
step, since it helps identifying what category the pro-
cessed image belongs to. In the last few years, some re-
searchers have investigated the problem of logo recog-
nition, by focusing on the item structure (see e.g. [2],
(3], [4]). Although some very effective results have
been found for clean logos, a major problem with
approaches based on structural analysis is that they
can hardly be very robust with respect to noise that
changes the structure of the object. Because of their

1'The logo database and the program used for noise corrup-
tion are available at ftp://dsi.ing.unifi.it:/pub/logo/logo.tar.gz.
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generalization capabilities, artificial neural networks
(ANNs) seems to be very well conceived for dealing
with noisy patterns. An attempt to face this prob-
lem by ANNs is described in [1] where noisy and ro-
tated logos are taken into account. The noise was
generated by means of Baird’s imaging defect model
[5] (see also [6]). Very promising results were ob-
tained which indicate that the proposed connectionist
model can successfully deal with noise homogeneously
distributed in the pictures. Unfortunately, the per-
formance drops significantly when dealing with spot-
noisy logos, where strips or blobs produce a partial
obstruction of the pictures. Sometimes black strips ob-
struct the document in unpredictable positions, thus
changing the visual appearance of the pictures. A sim-
ilar noise (spot noise) could also change drastically the
structure of a symbol , thus making it very hard the
recognition using structural methods. On the other
hand, the method proposed in [1], although robust
enough to deal with “small structural changes”, is con-
fused by the presence of blobs or strips overlapping the
logo, since the learning phase is forced to reproduce on
the network output also the spots on the images. In
order to tackle this problem, in this paper we propose
updating the classical BP algorithm {7] by introduc-
ing a new norm for assessing the reproduction error in
AANNs. The corresponding learning algorithm $-BP
is based on an error function where a different weight is
given to the errors collected in different regions of the
pictures. Basically, the errors are given a low weight
in those pixels where the corresponding gradients are
low. In so doing, spots in the pictures give a little or
even null contribution to the error reproduction. Qur
experimental results show that S-BP exceeds BP sig-
nificantly on our logo database, no matter what kind
of spot is used and the extent to which it affects the
logo readability.

This paper is organized as follows. In the next
section, we review the architecture of autoassociator-
based neural networks and its application to logo



recognition. In section 3 we introduce the pro-
posed Spot-Backpropagation algorithm for spot-noisy
logo recognition, while in section 4 we present
the experimental results obtained by using Spot-
Backpropagation. Some conclusions are drawn in sec-
tion 5.

2 The Autoassociator-based Artificial
Neural Network Model

An AANN is a Multi-layered Neural Network
(MLN) trained by BP to force an identity mapping.
It has one hidden layer with fewer neurons than the
input and output layer. This network has been suc-
cessfully used for speech verification [8], and also for
recognition of graphical objects [1]. The network ar-
chitecture is determined by ¢rial-and-erroron the basis
of a massive experimentation. A pre-processing step
for each image is carried out before applying the im-
age to the neural network. The pre-processing is made
in order to reduce the network size and, consequently,
to limit the required training data and learning time.
Unlike for other pattern recognition approaches, with
neural networks, the pre-processing phase is not com-
monly aimed at producing a very reduced number of
feature, since neural networks are often asked them-
selves to extract features during the learning process.
The data for training are extracted according to the
following basic steps:

1. Logo acquisition: Logo location and segmentation
can be obtained (see e.g. [1]) by means of morpho-
logical transformation and connected components ex-
traction . In this paper, the experiments are based on
previously segmented logos.

2. Noise corruption: The noise is added to the pat-
terns by using proper defect models (see Section 4.1).
3. Image partitioning and frame fitting: The size of
the logo image is reduced by fitting it on a fixed size
frame. The frame size is chosen according to the net-
work architecture.

4. Pattern generation: Generate randomly patterns
for composing both the training and test set.

For each class of logos an autoassociator-based net-
work is trained with the data obtained in the step
of pattern generation by using the BP algorithm [7].
The Euclidean distance between the input vector and
output vector is the criterion that is used to deter-
mine the class of an unknown logo. Its membership
is determined by calculating and comparing all input-
output errors after feeding logo pattern to all the au-
toassociators. The auto-associator with lowest error
value corresponds to the logo class with the highest
degree of confidence. The recognition algorithm is de-
scribed in Algorithm 1 (see Section 3.3). A remark-
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able advantage of the AANN model for the recognition
of graphical objects over discriminant classifiers, like
those based on multilayer neural networks, is its mod-
ularity. With AANN, we can expand the number of
classes without retraining the previous networks. Here
is the sketch of the recognition process.

L. Pattern Feeding : Apply logo pattern

U = (uo,uy,...,u,_1) to all the auto-associators
A, ..., Ac—y where ¢ is the number of classes;

2. Error Calculation : For each auto-associator fed
with the logo 1pattern, calculate the input-output er-
ror By = 3374 (vh, — uk)? where [ is the index of auto-
associator, k is the index of the input u; and output
v}, of the network;

3. Class Selection : Choose the class | corresponding
to the minimum error E).

3 Learning Logos by S-BP

We propose updating the classical BP algorithm [7]
by introducing a new norm for assessing the reproduc-
tion error in AANNs. In the new error function, we
propose giving a different weight to the errors collected
in different regions of the pictures. Basically, the er-
rors are given a low weight in those pixels where the
corresponding gradients are low. In so doing, spots
in the pictures give a little or even null contribution
to the learning of the network parameters and, conse-
quently, to the final performance. The learning pro-
cess turns out to be focussed on those parts of the
picture where the edges are more evident, that is on
those parts that support more information. The pres-
ence of spots, or even of uniform areas in the logo that
can be assimilated to spots, is essentially neglected by
the learning algorithm.
3.1 The spot-error function

Let w and h be the weight and height of logo 2,
respectively and let n = w* h be the number of inputs
to the neural network. For each pattern, the error of
network ! is defined as follows:

n—1
Bi= - (vf — di)? (1)
k=0

where dj is the target for the neuron % in the out-
put layer, v}, is the output of neuron k for network
l, and the correspondence between k and the pixel
(¢,7) (¢-th column and j-th row) in the image, and
i = kmoduw,j L,k = i+j*w. In equa-
tion (1), v is a weighing factor used to give differ-
ent pixels a different contribution to the error, de-
pending on the corresponding gradient. For each

2This measure is taken in the space of the pre-processed
patterns yielding a matrix of parameters.



pattern in the training set, the gradient is in fact
calculated for each pixel by using Sobel’s operator
[9]. The weighing function 7 is determined on the
basis of the magnitude of the gradient Vf(i,7) =
V£, = 1/G2(5,3) + G3(i, 4), while Gz(i,5) and
Gy(i,4) are the gradient w.rt. X and Y, respec-
VF(LL],k mod w) — V fimin
and
Vf maz Vf min
me,'n = min,-,j Vf(i,j), V fmaz = max; j Vf(i,j).
We choose Sobel operator because of its smooth prop-
erty [10]. The effect of introducing the weight yx can
be appreciated when looking at the artificial logo de-
picted in Fig. 1. It can easily be noticed that in the
area in which the spot is present, the weight v, gives
a different contribution to the errors with respect to
the clean logo. In particular, that weight is zero in
the area corresponding to the spot, thus avoiding its
contribution during the learning process. As a re-
sult, the network parameters 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 reproduction of noise.

tively. Hence v, =
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Figure 1: Two ezemplars of an artificial logo: one is clean,
the other one contains a big spot. The effect of the weighing
function «v can clearly be seen; in the spot-noisy ezemplar there
are several pizels corresponding to the spot where the vy function
is null,

3.2 Network Learning

The database used for training the networks con-
tains a large number of examples generated from the
given clean images by means of Baird’s image defect
model and our spot-noise model. The training algo-
rithm based on the spot-error function needs just to

(Target)

Coefficient Map for Error Calculation

Figure 2: The S-BP for an ezample of class Logo31. In the
right side the Sobel coefficient is indicated as an image and used
for the S-BP.

update the backward step. Let us introduce the fol-
lowing notation, t is the index of pattern, Aw;;(¢) is
the weight updating for link connecting neuron j to
neuron 4, 7(t) is the learning rate, d;(t) is the tar-
get for neuron i corresponding to output vi(t), ¥:(t)
is the weight associated with output i € O (set of
output units), o(-) is the sigmoidal activation func-
tion and i (t) is the delta error for the generic neuron
k. The learning algorithm is simply based on gra-
dient descent according to Aw;;(t) = —n(t)%%g =
~n(t)d; (t)v;(t). The only difference with respect to
BP concerns the computation of the delta errors and,
particularly, the computation of the coefficients asso-
ciated with the output units. Basically, if i € O then
3;(t) = o' (a:(t))vi(t)o(vi(t) — di(t)). Of course, the
backward step is the same as classical BP. Fig. 2
shows the scheme of the network learning with a logo
example.

3.3 Recognition Phase

The following algorithm describes the recognition
process of our model. It is very similar to the one
described in [1], the only difference being the effect of
the v coefficient.

Algorithm 1 Logo Recognition by S-BP
b Pattern Loading and v calculation
Load logo pattern vector U «{uo,u1,...,Un~1};
w « width of image; & « height of image;
for k«0,...,n—1do
7"(_ Vf(l'ﬁ,'.l:km°dw)"vfmin

?fmaa:—vfmin
b Pattern feeding to Ag,...,Ac—1;

err « +oo; class « ¢ ;
for 1+0,...,c—1do
begin
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Compute network output vector Vi F(Ax U),
where Vi = {v},...,v4_;} and F denotes network
feedforward operation with pattern I/ and auto-
associator A;.
Ei0
for k«0,...,n—1do
EyEi + v * (vh — ug)?
if Ei < err then
err « Fy; class « [
end
Return class

4 Experimental Results

The first part of the database used in our experi-
ments {logo2 to logo60) comes from the logo database
of the Document Processing Group, Center for Au-
tomation Research, University of Maryland, the sec-
ond part from logo61 to logo85 is obtained by scanning
logo images in paper [3] and the third part is prepared
in our labs (see Fig. 3).

GETY,
%,

?

logo86

CELDHI
logo87

alluatt!
logo89

logo88

Figure 3: The logos scanned in our labs that are included in
to the database.

According to the procedures we presented in sec-
tion 2, there are 88 autoassociators, one for each class.
After a massive experimentation based on a trial-and-
error process, we chose an architecture with 256 in-
puts, 30 hidden neurons and 256 neurons in the out-
put layer. The parameters shown in Table 1 were used
to generate noisy examples according to Baird’s defect
model.

skew rotation || rotation-step kerning-X kerning-Y

[-10, 10} 5 %) [0,1

kerning-step blurring blurring-step || bin-sensitivity

0.25 0.1, 1.7 0.4 (0.1,0.2)

Table 1: Parameters for Baird’s image defect model.

There are 404 patterns per class. Half of them were
used for training and the other half for the test phase.
The neural networks were trained by Backpropagation
and the modified learning scheme reported in this pa-
per. After 500 epochs training, the trained autoasso-
ciators are capable of recognizing all the examples in
the learning set and 100% correct recognition rate for
the examples in the test set for both the traditional
Backpropagation and the Spot-Backpropagation.

4.1 Experimental results in presence of
spot noise

H ] \

Figure 4: The effect of spot-noise; strips and blobs are used
to corrupt the original logos.

In order to assess the capabilities of the proposed
method, an algorithm was designed to simulate spot-
noise on the logos. There are two types of spots,
namely strips and blobs. For the strips we limited
the width to 1/4 of the image width. The line angle
was randomly generated from 0 to 180 degrees; the
blobs had the highest radius equal to 1/2 of the im-
age width. The centers for either strips or circles were
determined randomly inside the image area. The ge-
ometrical meaning of these parameters is depicted in
Fig. 4. _

As the degree of black strip noise or the radius of
circles increases, Spot-Backpropagation exhibits bet-
ter performance with respect to Backpropagation.
Fig. 6 and Fig. 7 show the final results of our experi-
ments. From these two figures we can basically state
that the classification of logos corrupted by spot-noise
falls into three categories. The patterns in category
I can neither be recognized by BP nor by $-BP. Pat-
terns in category II can be recognized correctly by S-
BP but the traditional BP fails. Finally, all examples
in category III can be recognized perfectly by both ap-
proaches. In Figure 5 we can see some logo exemplars
for all three categories.

5 Conclusion

In this paper, we have proposed a new approach for
training AANNs which is especially conceived for deal-
ing with spot-noisy logos. It has been shown that the
basic idea of giving different weights to the pixels in
the logos can be implemented in a very straightforward
way by the updating of the output step of the classi-
cal BP algorithm backward phase. The experimental
results we found show that S-BP, the modified algo-
rithm for taking into account the spot-noise, performs
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Category 1

Category 11

Category 111

Figure 5: Some noisy logo instances. See detailed explanation
in the text,

Recognition Ratein %

100 &- - (Without Noise)
o0 ;
0 s8P
0 +
w0 £ :
I =~ BP
s —t + 4———f+ Width of Strip (pixel)
” 4 30 48

Figure 6: The performance decreases as the strip width in-
creases; however the Spot-Backpropagation is significantly more
robust than Backpropagation.

significantly better than BP, no matter what kind of
spot is used and the extent to which it affects the logo
readability, Our experimental results are based on a
database of 88 real logos that are artificially corrupted
by spot-noise.
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