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Abstract. This paper presents a novel approach to automatically recognize
objects. The system used is a new model that contains two blocks; one for
extracting direction and pixel features from object images using Cellular
Neural Networks (CNN), and the other for classification of objects using a
General Regression Neural Network (GRNN). A data set consisting of different
properties of 10 different objects is prepared by CNN.

1 Introduction
Among the artificial neural network(ANN) approaches developed for pixel-based and
feature-based object recognition are feed-forward, Hopfield, and fuzzy ANNs. In
general, the types of features that are used for object recognition differ from the
features used by the neural-based segmentation approaches [1].
In this work, object recognition is achieved by comparing extracted features of the
object with the features available in a reference set. To this end, each object is placed
on a turntable which is rotated through 360 degrees and poses are taken with a fixed
camera. Images of the objects are taken at pose intervals of 5 degrees. This
corresponds to 71 poses per object, in total 710 poses for 10 objects. By using a CNN,
a feature space consisting of poses of the image taken from 71 directions is
constituted and this procedure is repeated for all object images. Apart of the
constituted feature vectors are used to simulate the GRNN, and the remaining are
used as test patterns.
1.1 The Cellular Neural Network (CNN)
The CNN used in this paper is defined by the following equations:
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where:
xij is the state of cell C(i,j)

u ij is the input of cell C(i,j)
y ij is the output
A is the feedback template
B is the control or input template
z is the threshold of cell C(i,j)
In this paper the A and B templates used are of dimension 3x3 [2] and here eqn.(1)
is solved using the rastering algorithm [3].
In the literature there are a number of papers that used feature extraction for
character recognition. In [4] CNN-Gabor filters were used to extract orientation
information from hand-written characters. In [5] various templates were used and the
decision was taken on a basis of how many pixels remain black after processing and
also the position of these black pixels were taken into account.
1.2 Artificial Neural Network
In this work, both multilayer perceptron(MLP) and radial basis function neural
networks (RBFNN) are employed. Among all results, the best results are obtained by
using the general regression neural network(GRNN) which is a kind of RBFNN. The
GRNN model developed by Specht [6] is a powerful regression tool with a dynamic
network structure whose network training speed is extremely fast. Due to the
simplicity of the network structure and its implementation, it has been widely applied
to a variety of fields including image processing. Specht [7] addressed the basic
concept of inclusion of clustering techniques in the GRNN model.

2 The Realization of the System for Object Recognition
Fig. 1 shows the system for object recognition using a CNN and a GRNN. The system
used is a new model that contains two blocks: one for extracting direction and pixel
features from object images using a CNN, and the other for classification of objects
using a GRNN.
ANN (GRNN)
Input images
(128x128 )

Feature Extraction
with
CNN

Feature vectors

Simulate the network
with some feature
vectors

Test the network
with remaining
feature vectors

Fig. 1. System for object recognition using a CNN and a GRNN

Recognized
object
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2.1 Feature Extraction from the Object Images
In this work, a CNN is used for feature extraction from the input images obtained
from the object to be recognized. Edge detection templates are applied to the input
images which are converted to gray level and the number of pixels between the levels
0.4-0.8 of the image obtained is determined as a feature. Then the “Horizontal
skeleton from the right” template is applied and this time the number of pixels equal
to 1 and between 0.4-0.8 are determined as two different features. Also “Horizontal
skeleton from the left”, ”Vertical skeleton from the bottom” and “Vertical skeleton
from the top” templates are applied to the edge detected image and the number of
pixels between 0.4-0.8 are determined as three different features. Thus, a feature
vector consisting of six different features of the input images is obtained. Now the
application of horizontal and vertical templates yields the components of the object
images at that direction. The templates used for feature extraction from the input
images are given as follows :

⎡0 0 0⎤
⎡− 1 − 1 − 1⎤
⎢
⎥
A = ⎢0 1 0⎥ , B = ⎢⎢− 1 8 − 1⎥⎥ , z=-1,
(Edge detection)
⎢⎣0 0 0⎥⎦
⎢⎣− 1 − 1 − 1⎥⎦
⎡0 0 0 ⎤
⎡0.5 0 0.125⎤
⎢
⎥
A = ⎢0 3 0⎥ , B = ⎢⎢- 0.5 0.5 - 0.5 ⎥⎥ , z=-1 (Horizontal skeleton from the left)
⎢⎣0 0 0⎥⎦
⎢⎣0.5 0 0.125⎥⎦
⎡0 0 0 ⎤
⎡0.125 0 0.5 ⎤
(Horizontal Skeleton from the right)
A = ⎢⎢0 3 0⎥⎥ , B = ⎢⎢- 0.5 0.5 - 0.5 ⎥⎥ , z=-1
⎢⎣0.125 0 0.5. ⎥⎦
⎣⎢0 0 0⎥⎦
- 0.5 0.5 ⎤
⎡0 0 0 ⎤
⎡0.5
⎢
⎢
⎥ , z=-1 (Vertical skeleton from the top)
⎥
0.5 0
A = ⎢0 3 0 ⎥ , B = ⎢0
⎥
⎢⎣0 0 0⎥⎦
⎢⎣0.125 - 0.5 0.125⎥⎦
⎡0 0 0 ⎤
⎡0.125 - 0.5 0.125 ⎤
⎢
⎥ , z=-1
⎥
A = ⎢0 3 0⎥ , B = ⎢⎢0
0.5 0
⎥
⎢⎣0.5 - 0.5 0.5 ⎥⎦
⎣⎢0 0 0⎥⎦

(Vertical skeleton from the bottom)

2.2 Recognition with GRNN

The feature vector, obtained by extracting features from ten object images by CNNs,
is used to simulate and test the GRNN. In the simulation of GRNN, different number
of poses from the original data set with different rotation intervals are selected as the
reference poses. The remaining images in the data set are used to test the network.
This procedure is shown in Figure 2.
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Reference
data set

........

Original
data set

........

Test
data set

........
Fig. 2 Grouping of the database

3 Simulation and Results
For the experiments we are currently using images of the Columbia image database.
Columbia Object Image Library (COIL-100) is a database of color images of 100
objects. We selected the 10 objects from the data set shown in Figure 3. The objects

Fig. 3. 10 objects used the simulate recognition system

Fig. 4. The image sequence of object-6 in database with rotations 0o to 25o
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were placed on a motorized turntable against a black background. The turntable was
rotated through 360 degrees to vary object pose with respect to a fixed color camera.
Images of the objects were taken at pose intervals of 5 degrees. This corresponds to
72 poses per object. The images were size normalized.[8]. We take image sequences
of 71 images of each of the selected objects. Figure 4 shows the frames with rotations
0o to 25o in the object-6 data set from COIL100.
The images obtained by applying “edge detection”, “horizontal skeleton from the
right” and “vertical skeleton from the bottom” templates to the pose of the object
taken at 0o rotation is given in Figure 5.
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Fig. 5. Extracting features from object-6 with CNN a) Edge detection, b) Horizontal Skeleton
from the right, c)Vertical skeleton from the bottom

As described above, different number of poses from the original data set with
different rotation intervals are selected as reference poses. In this step, a code for
every object is given to the GRNN target values. In Table 1, 10,18 and 35 poses from
the original data set with 35o, 20o and 10o rotation intervals, respectively are selected
as the reference poses. The remaining images in the data set are used to test the
network.
In Table 2, the accuracy of the test results obtained by using 35 poses taken with
10o rotation intervals for the ten objects considered are given.
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Table 1. Number of reference images and corresponding recognition rates

Number of reference images

Recognition rate of the test set

10 poses from original data set with 35o
rotation intervals are selected as the reference
poses. The remaining 61 images in the data set are
used to test the network.

% 82,13

18 poses from original data set with 20o
rotation intervals are selected as the reference
poses. The remaining 53 images in the data set are
used to test the network.
35 poses from original data set with 10o
rotation intervals are selected as the reference
poses. The remaining 36 images in the data set are
used to test the network.

% 86,42

% 89,17

Table 2. Recognition rates of objects

As can be seen from Table 2, recognition rate is low only for the ones that are
similar. Because of the similarities between object 6 and 8, recognition rate for these
objects decrease with the decrease in the number of reference poses. In order to
increase the recognition rate, new features are added to the feature vector and the
GRNN is again simulated and tested. In the processing with CNN, gray level images
are converted to binary images and edge detection process is carried out.
Table 3. Number of reference images and corresponding recognition rates after adding new
features

Number of reference images
10 poses from original data set with 35o rotation
intervals are selected as the reference poses. The
remaining 61 images in the data set are used to test
the network.
18 poses from original data set with 20o rotation
intervals are selected as the reference poses. The
remaining 53 images in the data set are used to test
the network.
35 poses from original data set with 10o rotation
intervals are selected as the reference poses. The
remaining 36 images in the data set are used to test
the network.

Recognition rate of the test set
% 87,21

% 91,32

% 94,17
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Then the “Horizontal skeleton from the right” and “Vertical skeleton from the
bottom” templates are applied to the edge detected images and this time the number
of pixels between 0.1-0.3 are determined as two different features. Thus, feature
vector consisting eight different features of the input images is obtained. The test
results of the simulated network with new features vector is given in Table 3.
Also in Table 4 the accuracy of the test results obtained by using 35 poses taken
with 10o rotation intervals for the ten objects considered are given.
Table 4. Recognition rates of objects after adding new features

As can be seen from Tables 3 and 4 the recognition rate in the test process
increases after adding new features to the features vector. Also recognition rate in the
test process varies with different spread(width of the kernel in GRNN) values.
Depending on the number of reference poses, spread value can be determined in order
to increase recognition rate.

4 Conclusion
In this work, a model is designed for 3D object recognition using 2D poses processed
by CNNs where the recognition is achieved by a GRNN. The application is carried
out for 10 objects and high recognition rate is obtained. When the number of objects
is increased or similar objects are chosen for recognition, extraction of diagonal or
convex components with CNNs procedure or choosing pixels between different
intervals as input can help to increase the recognition rate.
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