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A Computer Vision-Based Shape-Classification System Using
Image Projection and a Neural Network
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In this research, a computer vision-based shape-recognition
system which combines an image projection and the back
propagation neural network is proposed. The system uses the
image projection and features of the projection histogram to
represent the shape, and uses the back propagation neural
network to classify the shape. In this research, a fast normalis-
ation scheme is developed which is especially designed for the
image projection. It can find the same projection axis no
matter how the object is oriented. Therefore, the proposed
system can be invariant to scale, translation, and orientation
variations. This research finds that the direct representation
scheme of the back propagation neural net has better accuracy
than the binary coding representation scheme. This research
also finds that classification accuracy of the proposed system
is greater than 98.8% and its processing speed is also very
fast. Therefore, the proposed system is feasible for use in
shape classification.

Keywords: Image projection; Neural networks; Shape classi-
fication

1. Introduction

Computer vision-based shape recognition techniques have been
widely applied in automatic assembly tasks, industrial inspec-
tion, and product identification. In an automated assembly task,
a part has to be recognised and classified and its orientation
has to be calculated automatically before a robot can be driven
to grasp the part. In an automatic inspection task, the test part
has to be recognised first in order to retrieve the standard
specification for the part. Since different parts have different
shapes, a computer vision-based shape-recognition system or
classifier is usually used to recognise or classify parts in
industry. Shape-recognition techniques have also been applied
in optical character recognition, hand-written character recog-
nition, and medical image recognition, etc.
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In a part-recognition system, the part may be rotated at any
angle or translated to any position because of the vibrations
of the transport devices. The part’s image scale may be also
be changed when the image acquisition distance changes.
Therefore, a part-recognition system should be invariant to
scale, translation, and orientation, in order to be used in prac-
tice.

A shape-recognition system generally contains two pro-
cedures: a shape-representation procedure and a shape-match-
ing procedure.

Many shape-representation schemes have been proposed.
Horaud et al. [1] used geometric features such as area, per-
imeter length, centre of gravity, maximum radius, minimum
radius, etc. to represent the shape of a part. Although the
geometric features are useful to represent a shape and are easy
to calculate, they are sensitive to scale and orientation
variations.

Gupta and Srinath [2] created a signature model which was
an ordered sequence representing the Euclidean distance
between the centroid and all the boundary points, and extracted
the moments of the signature as features to represent the shape.
Gupta and Srinath [2] concluded that moments of the signature
were invariant to the variations of scale, translation and orien-
tation. However, their system’s recognition accuracy was only
about 95%. In addition, it was a time-consuming process to
form the signature model.

Amin and Wilson [3] combined a morphological skeleton
transform and a neural network to classify characters. Cordella
et al. [4] also used a skeleton transform and structural descrip-
tions for optical character recognition. However, the morpho-
logical skeleton transformation is time consuming, and the
transformation is also sensitive to scale variations.

Kim and Nam [5] applied a Fourier transform to the bound-
ary coordinates of a shape and used Fourier coefficients to
represent the shape. They then applied a back propagation
neural network to classify an object. However, the Fourier
transformation is also a time-consuming procedure.

Image projection of a shape has been used to represent a
shape. Breuer and Vajta [6], and Wang [7] applied image
projection on characters, extracted the moments of the projec-
tion histogram as features to represent the shape of the charac-
ters, and then used a statistical decision classifier to classify a
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character. Although image projection is not a new technique,
it is not much used. The reason may lie in the projection
histogram which is sensitive to scale and orientation variations.
Objects with different scales will have different scale projection
histograms, although the shapes of the projection histograms
are similar. In addition, the same object with a different
orientation will result in a different projection histogram if it
is projected at a fixed direction. The scale variation problem
can be solved when the feature extraction procedure is well
developed, while the orientation variation usually cannot be
solved until an orientation normalisation procedure is applied.
Traditionally, a normalisation procedure has to orient the whole
image, which is a time-consuming process. We have developed
a fast normalisation scheme which can find the same projection
axis however the object is oriented, and we have developed a
unique feature extraction procedure to extract features from
the image projection histogram. Therefore, the classifier
developed in this research is able to take a projection histogram
and extract the required features very quickly.

The other component of a shape-recognition system is the
shape-matching procedure. Many shape-matching methods have
been developed, and these methods can be classified into four
categories [8]:

1. Template matching.
2. Syntactic and structural methods.
3. Decision theoretic analysis.
4. Neural networks.

The template-matching method classifies the test shape by
matching it with some predefined templates. Therefore, this
method requires much memory space. Syntactic and structural
methods decompose a shape into some basic primitives which
are represented by a sentence in a language specified by a
grammar. Then, the shape is recognised by using a grammar
parser. However, the parsing procedure and the grammar are
complex and computationally extensive. Decision theoretic
analysis uses the features extracted from the shape to form a
feature vector, and uses statistical methods to classify the
shape. The well-known decision theoretic methods are the
minimum-distance classifier, the nearest-neighbour classifier,
and the minimum-mean-distance classifier.

Artificial neural networks, which simulate human information
processing, are inherent in parallel processing and have the
ability to learn. When a neural net is trained with a series of
examples, it is able to learn the governing relationships between
the examples. The trained neural net is then used to classify
a test pattern based on the learning result. Many neural net-
works have been proposed and the back propagation neural
net developed by Rumelhart et al. [9] is one of the most useful
and popular. It has been successfully applied in hand-written
character recognition [3,10], object recognition [5], OCR recog-
nition [4], shape classification [2], printed character recognition
[11], solder joint inspection [12], and integrated circuit chip
inspection [13].

In this research, we combine image projection and the back
propagation neural net to classify a shape. This classifier uses
the image projection and the features extracted from the projec-
tion histogram to represent the shape, and uses the back

propagation neural net to classify the shape. A fast normalis-
ation scheme which can find the same projection axis however
the object is oriented is also developed so that the classifier
can achieve orientation invariance.

2. The Shape-Classifier Framework

The system framework of the proposed shape classifier is
shown in Fig. 1. The classifier consists of an image binarisation,
an image projection, an orientation normalisation scheme, a
feature extraction procedure, and the back propagation neural
network.

2.1 The Image Binarisation Procedure

When a charge-couple device (CCD) camera is used to capture
the image of a part, it produces a grey-level image. Therefore,
an image binarisation procedure is required to segment the
part from the background. The image binarisation procedure is
used to convert the grey-level image into a binary image in
which there are only two grey levels: black (representing
the background) and white (representing the object). Many
thresholding techniques have been proposed. Some of the most
popular global thresholding techniques which threshold an
entire image with a single value are the P-tile method, the
mode method, the Otsu method, the histogram concavity analy-
sis method, the entropy method, the moment-preserving
method, and the minimum error method [14]. Sahoo et al.
evaluated these techniques with many kinds of images and
found that there was no technique which would always yield
the best performance. Instead, the performance of thresholding
techniques depended on the shape of a histogram which might
be unimodal, bimodal, or multi-modal. Sahoo et al. also found
that the Otsu method had the best performance in terms of
uniformity and shape factor for a bimodal image. Since the

Fig. 1.The system framework.
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image in shape recognition usually has homogeneous regions
and has a favourable contrast between the object and the
background, it has a bimodal histogram. Thus, the Otsu method
is used in the proposed shape classifier. Detailed algorithms
of the Otsu method can be found in [12].

2.2 Image Projection and Feature Extraction

Image projection is used to acquire shape information for an
object, and the features extracted from the projection histogram
are then fed to the back propagation neural network to classify
the object. In the image-projection procedure, the projection
histograms are created along theX- and Y- axes of the binary
image. The so-calledX-axis projection is to count the number
of the object points (white pixels) along theY-axis for all X-
values. The so-calledY-axis projection is to count the number
of object points along theX-axis for all Y-values. If we let
P(x,y) = 1, which represents an object point, andP(x,y) = 0,
which represents a background point, then theX-axis projection
results in the following projection histogram:

f(xi) = O512

Y=1

P(xi,Y) (i = 1,2,. . .,512) (1)

Similarly, the Y-axis projection results in the following projec-
tion histogram:

f(yi) = O512

X=1

P(X,yi) (i = 1,2,. . .,512) (2)

The X-axis and Y-axis projection histograms of a part are
shown in Fig. 2.

A major feature of the projection histogram is that the shape
of the histogram remains the same no matter how the object
is translated or scaled. Another feature of the projection histo-
gram is that different objects will result in different projection
histograms. Therefore, the projection histograms are useful for
shape representation.

Wang [7] extracted the moments of the projection histogram
as features to classify a shape. In this research, we propose
another unique feature extraction procedure. First of all, we
segment theX-axis projection histogram intoKX equal-length
blocks, and then calculate the area under each block for all the

Fig. 2. Image projection histograms.

KX blocks, and finally divide each block area by the total area
to acquireKX the block area ratios. Similarly, we can acquire
the KY block area ratios for theY-axis projection histogram. The
main feature of the block area ratios is that their values remain
the same even if the object is translated or scaled. This feature-
extraction algorithm contains the following steps:

1. Let the grey level of an object pixel located at (x,y) be
P(x,y) = 1, and the grey level of the background at (x,y)
be P(x,y) = 0.

2. Calculate the area of the object, denoted asA, and

A = O512

X=1

O512

Y=1

P(X,Y) (3)

3. Find the starting point and ending point of theX and
Y projection histograms, denoted as (SX,SY) and (EX,EY),
respectively, and segment theX andY projection histograms
into KX and KY blocks.
The length of each block of theX-axis projection is:

lX =
EX − SX

KX

(4)

The length of each block of theY-axis projection is:

lY =
EY − SY

KY

(5)

4. Calculate each block area of theX-axis projection histogram
as follows:

Ai = OSX+i×lX

X=SX+(i−1)×lX

OEY

Y=SY

P(X,Y) (i = 1,2,. . .,KX) (6)

and calculate each block area of theY-axis projection
histogram as follows:

Bi = OSY+i×lY

Y=SY+(i−1)×lY

OEX

X=SX

P(X,Y) (i = 1,2,. . .,KY) (7)

5. Calculate the block area ratios of theX-axis projection
as follows:

Ei =
Ai

A
(i = 1,2,. . .,KX) (8)

and calculate the block area ratio of theY-axis projection
as follows:

E(i+KX) =
Bi

A
(i = 1,2,. . .,KY) (9)

2.3 The Orientation Normalisation Procedure

Since the projection histogram is different when the object is
oriented at any other angle, therefore, an orientation normalis-
ation procedure is required. In this research, a unique normalis-
ation procedure especially designed for the image projection
is developed, and the procedure is shown in Fig. 3. The
normalisation procedure contains the following steps:
1. Finding the centroid of the object.
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Fig. 3. The orientation normalisation procedure.

2. Finding the longest radius.
3. Setting the projection axis.
4. Finding the maximum and minimum values of the projec-

tion axis.
5. Segmenting the projection axis into some equal-length

blocks.
6. Deciding the block for all the object points.
7. Calculating the block area ratio.

The algorithms for each step are described in the following:

1. Finding the centroid of the object. If an object hasN
pixels and (Xi,Yi) is the coordinate of theith pixel, then the
centroid of the object (Xc,Yc) is calculated as follows:

Xc =
1
N ON

i=1

Xi, Yc =
1
N ON

i=1

Yi (10)

2. Finding the longest radius. Since the longest radius should
occur at the boundary points and should be located at the
extreme left and right points of each row of the image, we
scan the image from the left most to the right most pixel, row
by row, until we find the extreme left boundary point whose
coordinates and distance to the centroid are recorded. Next we
scan from the right most to the left most pixel, row by row,
to find the extreme right boundary point and record its coordi-
nates and its distance to the centroid. The scanning process is
repeated for all the rows. Finally, the boundary pixel which
has the longest radius will be found by a simple comparison
procedure. The locations where the longest radius may or may
not occur are illustrated in Fig. 4.

By using the scanning algorithm, we can find the longest
radius and save much processing time because we do not need
to calculate all the distances between the boundary points and
the centroid for all the boundary points. Instead, we calculate
the distance between the centroid and the extreme left and
right boundary points.

Fig. 4.Locations of the longest radius.

3. Setting the projection axis. For an object without any
orientation variation, we take the projection histogram along
the X- and Y-axis. However, if the object is oriented, the
projection histogram taken along theX- and Y-axis will be
different from that of the one without orientation variation. To
resolve this problem, we set the longest radius as the projection
Y-axis and the axis orthogonal to the longest radius as the
projection X-axis, and then we take the projection histograms
along these two axes. In this manner we can create the same
projection histogram no matter how the object is oriented.

If the coordinate of the centroid isO(Xc,Yc) and the coordi-
nate of the longest radius boundary point is (A1,B1), then the
slope of the projectionY-axis, denoted asm1, is calculated
as follows:

m1 =
B1 − Yc

A1 − Xc

(11)

and the slope of the projectionX-axis, denoted asm2, is
calculated asm2 = −1/m1.

4. Finding the maximum and minimum values of the projection
axis. When we put all the boundary points, which are scanned
in the way described in the second step, into the equation
y − m1x = b, we can find all the correspondingb values and
the maximum and minimumb values of theX-axis, denoted
as bmax and bmin, respectively. The algorithm is illustrated in
Fig. 5. Similarly, when we put all the boundary points into the
equationy − m2x = c, we can find the maximum and minimum
values of theY-axis, denoted ascmax and cmin, respectively.

5. Segmenting the projection axis into some equal-length blocks
After we find the minimum and maximum values of theX-
axis, we segment the interval of [bmin,bmax] into KX equal-
length blocks, and obtainb1,b2,. . .,b(KX−1) values. Similarly, we
segment the interval of [cmin,cmax] into KY equal-length blocks,
and get c1,c2,. . .,c(KY−1) values. The segmenting algorithm is
also illustrated in Fig. 5.

Fig. 5.Projection axis segmentation.
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6. Deciding the block for all the object points. When we put
the coordinate of an object point (x,y) into equationsy − m1x = b
and y − m2x = c, we obtain theb and c values. From these
values and the,bmin,b1,b2,. . .,b(KX−1),bmax and thecmin,c1,c2,. . .,
c(KY−1),cmax, we know the interval to which the object point
belongs.

When we sum up the number of the object points which
belong to a specified block, we can acquire the area of the
specified block. By this procedure, we can acquire all the areas
for all the projection blocks.

7. Calculating the block area ratio. After the area for each
equal-length block is obtained, we can calculate the block area
ratio for each block by the equation described in Section 2.2.

2.4 The Back Propagation Neural Network

The neural network contains an input layer, a hidden layer,
and an output layer, as shown in Fig. 6. Features of the
projection histogram are fed into the nodes of the input layer.
When there are eight features, there are eight nodes in the
input layer. The output layer is used to represent the category
of the classified shape. Two kinds of representation scheme
can be used on the output layer. One is direct representation
which uses eight nodes at the output layer if there are eight
categories of shapes. In this representation, only one node gets
the 1 value and the node number that has the 1 value is the
shape category. For example, if the test shape belongs to the
fifth category, then the output of the output layer will be
0010000. The other representation scheme is called binary
coding representation which uses three nodes at the output
layer for eight categories of shape. For example, if a shape
belongs to the fifth category, then the output of the layer will
be 101.

The hidden layer is used to represent the interaction between
the input layer and the output layer. Usually the node number
of the hidden layer is set to be half of the sum of the input
nodes and output nodes.

The neural net uses a set of examples in a training database
as input, the generalised delta rule algorithm to adjust the
weights and the sigmoidal activation function to derive an
output. After several iterations, the neural net will converge to
a reasonable set of weights which represent the relationships.
Then the neural network can be used to classify a new
incoming shape.

The training database contains some examples that consist
of attribute values and known categories. These attributes are
fed into the nodes in the input layer (Oi), and the known
category is set astpk. These attributes are then transmitted to
the nodes in the hidden layer, and the net input to nodej is

Fig. 6.Framework of the back propagation neural net.

netj = Swjioi. By applying the sigmoidal activation function,
we can obtain the output of the nodej for the hidden layer.
The sigmoidal activation function is as follows [9]:

oj = f(netj) =
1

1 + expF(netj + uj)
u0

G (12)

where uj is the threshold or bias andu0 is the scaling factor.
Similarly, the output from nodes in the hidden layer is fed
into the nodes in the output layer. The process is called the
feed forward stage.

After the feed forward process, outputOpk can be calculated
from nodes in the output layer. In general, the outputOpk will
not be the same as the desired known categorytpk. Therefore,
the average system error is

E =
1
2p O

p

O
k

(tpk − opk)2

where k is the output node number andp is the example
number.

If the error is greater than the preset value, then the error
is back propagated from nodes in the output layer to the nodes
in the hidden layer by using a gradient search method and is
used to adjust the weights. The weight between nodek and
node j is adjusted according the following equation:

Dpwkj = − h
­E

­wkj

= hdkoj (13)

where, dk = (tk − ok)f ′k (netk), and h is the learning rate.
Similarly, the delta value in the hidden layer is

dj = f ′j(netj) O
k

dkwkj andDpwji = hdjoi. The process is called

the back propagation stage. After all the examples are trained,
the system will collect adjusted weights according to

Dwji = O
p

Dpwji. If the system error in nodes of the output

layer is less than the threshold, then the current weights are
desirable. The system will stop training and use the weights
in the continuing recognition stage. Otherwise, the system will
adjust weights according to the following equation:

Dwji(n+1) = hdjoi + aDwji(n) (14)

where a is the momentum coefficient. Then the system will
continue the next iteration. Selections of the learning rateh,
momentum coefficienta, and number of nodes in a hidden
layer have effects on computation efficiency. General rules for
the selections have been reported by [15].

3. A Feasibility Study

3.1 A Pre-Test

A pre-test is conducted in this research to test the performance
of the proposed system and to compare the output represen-
tation schemes of the neural net. Ten digits shown in Fig. 7
are tested in this pre-test. At the training stage, three images
for each digit at three capturing distances are taken. The
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Table 1.Classification accuracy of the binary coding representation.

Digit number 0 1 2 3 4 5 6 7 8 9 Average

Hit number 107 107 105 103 104 108 108 104 108 108 106.2
Test number 108 108 108 108 108 108 108 108 108 108 108
Accuracy (%) 99 99 97 95 96 100 100 96 100 100 98.3

Fig. 7. The pre-test digits.

capturing distances are 50 cm resulting in an image with
145× 58 pixels, 65 cm resulting in an image with 112× 44
pixels, and 80 cm resulting in an image with 90× 36 pixels.
Therefore, there are three training examples for each digit in
the training database. At the classification stage, the test digit
may be scaled at any of the above three capturing distances
and may be translated at any location. However, the orientation
remains unchanged in the test. For each digit 36 translated
images for each scale are tested. Therefore, 108 images are
tested for each digit.

At the image projection and feature extraction stages, the
X-axis and Y-axis projection histograms are segmented into
four equal-length blocks, and the eight block area ratios are
calculated and fed into the back propagation neural net.

The two representation schemes of the output layer of the
neural net are tested. For the direct representation scheme, ten
nodes are used at the output layer. For the binary coding
representation scheme, only four nodes are used at the output
layer. Therefore, node numbers of the three layers of the direct
representation neural net are 8, 9, and 10, respectively. For
the binary coding representation scheme, the node numbers of
the neural net are 8, 6, and 4, respectively. The learning rate
and momentum rate are both set at 0.4 for both of the neural
nets which can converge.

The pre-test results are shown on Tables 1 and 2. Table 1
shows that the classification accuracy of the neural net with
the binary coding representation, is 98.3% in average. Table 2
shows the classification accuracy of the neural net with the
direct representation scheme, which is 100%. Therefore, it is
clear that the direct representation scheme has a better classi-
fication result than the binary coding representation scheme,
and should be used in the back propagation neural network.

3.2 The Feasibility Study

In order to demonstrate the feasibility of the proposed shape-
classification system, two case studies are conducted. The first

Table 2.Classification accuracy of the direct representation.

Digit number 0 1 2 3 4 5 6 7 8 9 Average

Hit number 108 108 108 108 108 108 108 108 108 108 108
Test number 108 108 108 108 108 108 108 108 108 108 108
Accuracy (%) 100 100 100 100 100 100 100 100 100 100 100

case is general part classification and the second case is similar
shape classification. In these two cases, a part may be scaled
or translated and oriented at any location.

3.2.1 General Part Recognition Case

Twelve general parts are tested. The twelve parts and their
projection histograms are shown in Fig. 8. In the neural net
training database, three images taken at three orientations with
a fixed scale for a part are used. Therefore, there are only
three training examples for a part. However, if a part has more
than two longest radii, the image projections along these radii
are all taken, and these histograms are all included in the
training database. At the feature extraction stage, theX-axis
andY-axis projection histograms are segmented into four equal-
length blocks. Therefore, there are eight features in total.

Since there are eight features, eight nodes are used at the
input layer of the neural net. Twelve nodes are used at the
output layer of the direct representation neural net because
there are twelve kinds of part. The hidden layer contains nine
nodes which can lead to the convergence of the neural net. In
addition, the learning rate and momentum rate are both set at
0.4 at which the neural net can come to convergence.

At the classification stage, three scales and thirty-two random
orientations for each scale are tested. Therefore, 96 images for
a part are tested. Experimental classification accuracy is shown
in Table 3. This table shows that the proposed system on
average has up to 98.8% classification accuracy. This classi-
fication accuracy is greater than 95%, and is thus feasible for
practical use.

The proposed system takes only 6.5 s to analyse and classify
a whole part using a 386 PC and the DT-2851 image frame
grabber. The proposed system is also feasible with respect to
the processing time.

3.2.2 Similar Shape Recognition Case

Four similar shapes and their projection histograms are shown
in Fig. 9. In the training database, one shape contains only
three training examples which are taken at a fixed scale and
at three different orientations. Since the shapes have similar
projection histograms, we segment theY-axis histogram into
six equal-length blocks and theX-axis projection histogram
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Fig. 8.Parts and their projection histograms.

Table 3.Classification accuracy of the general parts.

Part number 1 2 3 4 5 6 7 8 9 10 11 12 Average

Hit number 96 96 96 96 96 96 90 96 96 95 89 96 94.8
Test number 96 96 96 96 96 96 96 96 96 96 96 96 96
Accuracy (%) 100 100 100 100 100 100 93.8 100 100 99 92.7 100 98.8

into four blocks. Therefore, there are ten features extracted
from the projection histogram, and ten nodes are used at the
input layer of the neural net. Since there are four kinds of
shape, four nodes are used at the output layer. Seven nodes
are used in the hidden layer, and the learning rate and momen-
tum rate are both set at 0.4 in which the neural net can come
to convergence.

At the classification stage, two kinds of scale and 32 random
orientations for a shape are tested. Therefore, there are 64 test
images for a shape in this experiment. Classification results
are shown in Table 4 which show that the proposed system
has up to 100% accuracy. Therefore, we can improve the
classification accuracy by increasing the number of segmented
blocks. However, the block length should be large enough in

order to extract the block area ratio. The system also takes
only 6.5 s to analyse and classify a shape. In short, the
feasibility test has demonstrated that the proposed system has
very high classification accuracy and very good processing
speed, and is feasible for use in practice.

4. Conclusions

In this paper a computer vision-based shape-classification sys-
tem is presented. The proposed system contains an image
binarisation, an image projection, an orientation normalisation,
a feature extraction, and a back propagation neural network.
The image binarisation procedure is used to threshold a grey-



850 T.-H. Hou and M.-D. Pern

Fig. 9.Similar shapes and their projection histograms.

Table 4.Classification accuracy of the similar shapes.

Shape number 1 2 3 4 Average

Hit number 64 64 64 64 64
Test number 64 64 64 64 64
Accuracy (%) 100 100 100 100 100

level image into a binary image, and then the image projection
procedure is used to acquire theX-axis andY-axis projection
histograms. An orientation normalisation procedure, especially
suitable for the image projection is also developed. Therefore,
the proposed system is able to classify a shape with scale,
translation, and orientation variations.

A feature extraction procedure is also presented in this
research. Traditionally, moments of the projection histogram
were used to classify a shape. In this research, we segment
the projection histogram into some equal-length blocks, and
calculate the block area ratios which are the ratios of the block
areas to the total area. These ratios are then fed to the back
propagation neural net to classify a test shape.

A pre-test is conducted to verify the feasibility of the system
and to compare the output layer representation schemes. The
pre-test results show that the proposed system has very high
classification accuracy, and the direct representation has better
accuracy than the binary coding representation scheme.

Finally, a feasibility study is conducted to test the perform-
ance of the system for objects with variations in scale, trans-
lation, and orientation. Two cases are tested, one with general
parts, and the other with similar shapes. These two cases

demonstrate that the proposed classifier has accuracy up to
98.8% for the general parts and 100% for the similar shapes.
In addition, the system is very fast. Therefore, the system is
feasible for use in practice, considering both accuracy and
speed. Although no part with an internal hole is tested in the
proposed system, the authors argue that the image projection
procedure can detect this internal hole feature, and therefore,
the system is still able to classify the part. In addition, the
centroids of parts 1 and 7 used in the first case are not inside
the object, and the proposed system is able to classify them
with 100% and 93.8% accuracy, respectively. Therefore, the
proposed system can be used to classify objects with centroids
outside the object. In short, this research has demonstrated that
the new shape classifier proposed in this paper is feasible both
in speed and accuracy.
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