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Abstract 

This paper introduces a real time object recognition system. This novel 

algorithm learns to classify objects into their respective classes. The proposed 

approach is a combination of traditional image processing techniques, and 

modern artificial intelligence techniques. Artificial intelligence approach of 

fuzzy logic and artificial neural networks is used for image enhancement and 

classification purpose respectively. Image segmentation and feature extraction 

are computed using traditional techniques of seeded region growing and 

Zernike moments respectively. The proposed approach is implemented in 

MATLAB, and real time images are captures for training and testing the 

proposed system. The proposed algorithm produced accurate results and 

perfectly recognized all the objects, irrespective of their size, position and 

orientation. This approach can be easily used in applications which require 

real time object recognition. 

Keywords: Object recognition, Image enhancement, Fuzzy logic, artificial 

neural networks, Segmentation, Zernike moments, Back-propagation neural 

network. 

 

1. INTRODUCTION 

Object recognition is a vast research area with numerous applications in a wide range 

of disciplines, like, computer vision, robotics, military, industry, medical, automation, 

and many more. Various applications of an object recognition system includes: 

machine vision, autonomous vehicle navigation ,visual surveillance systems, sorting 

and identification of defects, face recognition, fingerprint identifications, character 

recognitions, content based image retrieval systems, medical diagnosis, remote 

sensing, and so on [1].  

Object recognition is a very complex task, whose goal is to recognize and classify the 

objects into their respective categories. In vision applications, these objects are 
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acquired in the form of images to the system. These images undergo several 

processing steps, namely, image enhancement, segmentation, feature extraction, and 

classification, to achieve efficient recognition. Image enhancement is an important 

step for object recognition, as it enhances the quality of the input image, and makes 

the image more accurate and clear for recognition. Another major step in the process 

of object recognition is the segmentation of images to obtain meaningful objects from 

an image, and remove the undesired parts of the image. For the application of any 

system in real time, it is necessary to reduce the computation and the complexity of 

the system processing. This can be achieved by reducing the high dimensional image 

to a low dimensional data, and eliminating the undesired information present in the 

image. This process is referred to as feature extraction. The final step in recognition is 

the classification of the extracted features into appropriate classes. Applying all these 

processes, a complete object recognition system is obtained [2]. 

The problem of object recognition is effortlessly solved by humans. But, computers 

find it difficult to cope with such problems. But, with increasing use of technology, 

several algorithms have developed to overcome these problems. In this paper, a novel 

approach is introduced to obtain object recognition in real time. The paper is divided 

into several sections. The first section provides a brief introduction to object 

recognition, its applications, and the major steps involved in it. The second section 

gives  a literature review of the related research work in the field of object 

recognition. The next section outlines the proposed approach introduced in this paper, 

explaining algorithm for each step in detail. In the next two sections, the 

implementation of the algorithm, its results and a brief discussion is given, and the 

work is concluded in the last section. 

 

2. LITERATURE REVIEW 

For each step required to achieve object recognition, several techniques have 

developed over the past years. Image enhancement can be done using techniques like, 

histogram equalization, fuzzy rule based approach. Hanmandlu et al proposed a fuzzy 

based enhancement algorithm by minimizing the fuzzy entropy of the image[3]. 

Vlachos et al also proposed an approach for fuzzy based image enhancement using 

the parametric indices of fuzziness[4]. Fang et al proposed a technique for image 

enhancement based on fusion of image[5]. Hasikin et al proposed another fuzzy based 

image enhancement for low contrast images[6]. 

For efficient image segmentation, many techniques have developed which includes: 

thresholding based segmentation, region based segmentation, which can be either 

region growing or region splitting and merging approach. Clustering and fuzzy based 

approaches are also applied to achieve accurate image segmentation. Fan et al. 

proposed an approach for image segmentation using seeded region growing algorithm 

along with edge extraction approach[7] . Karmakar et al proposed a fuzzy rule based 

approach for image segmentation[8]. Arifin et al  proposed the hierarchial clustering 

approach for histogram thresholding to achieve image segmentation[9]. Sen et al 

proposed a method for image segmentation by applying multilevel histogram 



Real Time Object Recognition System 245 

thresholding using fuzzy sets[10]. Lopes et al. presented an automatic histogram 

threshold based segmentation, which is dependent on the fuzziness measure[11].  

Feature extraction can be also be done using several approaches, such as, 

morphological features, edge extraction, Hough transform, moments, colour and 

texture features, and many more. Kim et al , proposed an image watermark on the 

basis of feature extraction using Zernike moments, which provides rotation 

invariance. Scale and translation invariance is obtained by the normalization of the 

image[12]. Lowe, presented another approach of extracting invariant features from the 

image using scale invariant feature transform (SIFT). The features extracted are 

invariant to scaling and rotation[13]. Flusser and Suk , proposed a complex moments 

based feature extraction approach for recognition of symmetric objects  The moments 

so obtained are invariant to scaling, translation, and rotation[14]. Choras , introduced 

an approach for content based image retrieval using a number of color, shape, and 

texture features[15]. Boveiri evaluated the performance of statistical moments to 

extract features from an image. The four well known moments namely, Hu moments, 

Zernike moments, Affine moments, and the Pseudo-Zernike moments were used for 

feature extraction[16].  

A number of classifier have been proposed for classification purpose in object 

recognition system. Some of them includes: Bayesian classifier, Nearest-neighbour 

classifier, decision trees, artificial neural networks, support vector machines. Pontil 

and Verri, proposed an object recognition system using the Support Vector Machines 

(SVM).This approach does not require the extraction of features from the image, and 

can be directly applied to images, regarded as N-dimensional object points[17]. 

Lajevardi et al ,proposed a noise and rotation invariant system to identify the facial 

expression automatically, using the Naive Bayesian classifer[18]. Han et al.  presented 

an object recognition system for the recognition of sonar images. The moments 

extracted as features were classified using a back propagation neural network[19]. 

 

3. METHODOLOGY 

The proposed object recognition system is an automatic object recognition system 

which can work in real time. The major parts of the proposed system are: Image 

Enhancement, Image Segmentation, Feature Extraction, and Classification. The 

traditional image processing techniques of seeded region growing and Zernike 

moments are used for the segmentation and the extraction of features from the 

segmented images respectively. Classification of the extracted features is achieved by 

using the artificial neural networks. A feed-forward back-propagation neural network 

is developed to classify the objects into their respective classes, and display the 

recognized output. 

 

3.1 IMAGE ENHANCEMENT  

Image enhancement is a very important step in object recognition. An image may 

undergo several transformations and degradations while capturing, storing, or 
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transferring. This may result in blurring, low contrast or unwanted noise in an image. 

For efficient object recognition, the image should be clear and free from noise. Hence, 

the visual and quantitative quality of an image should be improved using the image 

enhancement process. 

 

3.2 IMAGE SEGMENTATION USING SEEDED REGION GROWING 

Image segmentation process divides the images into several parts, by allocating a 

region label to all the image pixels, on the basis of a similarity criteria . This step is 

most useful in case of presence of multiple objects in an image. The most effective 

algorithm for achieving image segmentation is the seeded region growing approach. 

The seeded region growing based segmentation, proposed by Adams and Bischof, 

uses a set of pixels known as seeds, which can be computed either manually or 

automatically. Using these seed points, the image is divided into several regions, by 

merging the similar neighbouring pixels into a single region. Each seed point refers to 

a single region[20].  

In this approach, the seeds are computed automatically, using an approach based on 

the frequency of the similar pixels, and merging them to avoid over segmentation. 

This can be achieved using the following algorithm: 

 

Step 1: Compute the pixel values present in the image, and arrange them in ascending  

             order. 

Step 2: Compute the occurring frequency of these gray values in the image. 

Step 3: Using a threshold, the similar pixels are merged together as: 

 The seed point is taken as the mean of the merged pixels. 

 The frequency is obtained by adding the frequency of the merged pixels. 

Step 4: If the merging criteria is not fulfilled, the next pixel is taken as the new seed  

              point. 

Step 5: The final seed points are arranged in decreasing order of their frequency. 
 

These seed points are used in the seeded region growing algorithm to segment the 

input image. The algorithm starts with a seed point, and merges the neighbouring 

pixels into a region, based on a similarity criteria. The similarity criteria for merging 

the neighbouring pixels is the difference between their intensity values. If this 

difference is less than the specified threshold, then the neighbouring pixel belongs to 

the region. The seeded region growing algorithm used is as follows: 
 

Step 1: For a given seed point,  

 Assign region label to the seed point. 

 Initialize the region mean equal to the pixel intensity value of the seed point. 
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Step 2: For every neighbouring pixel, 

 If the pixel is not labelled and fulfils the similarity criteria, 

- Assign the corresponding region label to the pixel. 

- Compute the new region mean. 

 Otherwise, 

- Skip the pixel. 

 Go to the next neighbouring pixel and repeat step 2. 

 

Step 3: Move to the next seed point and repeat the algorithm from step 2 to obtain  

              next region, until all computed seed points are processed. 

Step 4: If some pixels of the image remain unlabelled, compute the seed points again  

             using only the unlabelled pixels. 

Step 5: Repeat the algorithm from step 2, until all pixels of the image are labelled into  

             their corresponding region. Hence, the segmented regions of the image are  

             obtained. 

 

3.3 FEATURE EXTRACTION USING ZERNIKE MOMENTS 

In feature extraction, a set of features are extracted from the image, which completely 

represents the information of the image, and thus reduces the processing of the 

system. These extracted features should be able to differentiate the patterns 

individually, and also should be invariant to any kind of distortions. 

Invariant moments are the most promising approach to compute efficient features of 

an image. The first moments were developed by Hu in 1962, which were the seven 

popular moments. These moments provided invariance to scaling, translation, and 

rotation[21]. But, there was lack of information regarding their higher order moments. 

This was overcome using the Zernike moments, proposed by Teague, Zernike 

moments are rotation invariant moments, and their higher orders can be easily 

computed[22].  

The Zernike moments are the 2-dimensional moments of an image, with respect to the 

Zernike polynomials. The Zernike polynomials are a set of orthogonal polynomials, 

that have rotation invariant properties, and unity weight function. These polynomials 

are in the form: 

Vnm(x,y) = Vnm(ρ,θ) = Rnm(ρ) exp(imθ)                                        (1) 

where n is either a positive integer or zero, and m can be a positive or negative 

integer, considering  n ≥ │m│, ρ is the radial vector between origin and the (x,y) 

pixel, and its value ranges as 0 ≤ ρ ≤ 1, θ is the angle between the radial vector and 

the coordinate axis, and Rnm(ρ) are the radial polynomials.  

Since, Zernike moments are only rotation invariant, the approach of bounding box is 

used before computing the Zernike moments, so that scale and translation invariance 
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can also be achieved. Hence, the Zernike moments so calculated represents a set of 

features of an image, irrespective of its size, location, and orientation. 

 

3.4 CLASSIFICATION USING BACK-  PROPAGATION NEURAL 

NETWORKS 

Classification refers to recognizing of objects on the basis of the features extracted 

from the images. Artificial neural networks perform better for classification purpose, 

as they can easily generalize among patterns, and can mimic the working of the 

human brain. Back propagation is the most efficient algorithm for classification in 

object recognition applications. Back propagation neural networks was first 

introduced by GE Hinton, Rumelhart and R.O. Williams in 1986. The back 

propagation neural network, shown in figure 1, is a multilayer feed-forward network, 

with no feedback inputs.  

 

Figure 1 Architecture of Back propagation network 

 

During learning, the total error computed is back-propagated in the network, and is 

minimized using the gradient-descent method. Due to this back-propagation of errors, 

this network is known as Back-Propagation neural network[23].  

The back-propagation algorithm is as follows: 

Step 1: Initialize all weights and biases to small random values. 

Step 2: Each input unit receives the corresponding input xi, and transmits it to the  

              hidden layer. 

Step 3: Each hidden unit zi computes its output by summing its weighted input  

               signals, and applying the activation function f, 

𝑍𝑗 = 𝑓(𝑣𝑜𝑗 + ∑ 𝑥𝑖𝑣𝑖𝑗)                                       (2)

𝑖

 

where 𝑣𝑖𝑗 represents the weights of the hidden layer. 
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Step 4: Each output unit 𝑌𝑗  computes its output by summing its weighted input  

               signals, and applying the activation function f, 

𝑌𝑗 = 𝑓(𝑤𝑜𝑘 + ∑ 𝑍𝑗𝑤𝑗𝑘)                                    (3)

𝑗

 

During back propagation of errors, the net output is compared with the target value 

and the associated error is calculated. 

 

Step 5: Based on this error, the error factors 𝛿𝑘 and 𝛿𝑗 are calculated, 

𝛿𝑘 = (𝑡𝑘 − 𝑦𝑘)𝑓(𝑌𝑘)                                             (4) 
 

𝛿𝑗 = (∑ 𝛿𝑗

𝑘

𝑤𝑗𝑘) 𝑓(𝑍𝑗)                                      (5) 

Step 6: Weights and biases are updated using the δ factor, 

∆𝑤𝑗𝑘 = 𝛼𝛿𝑘𝑍𝑗                                                        (6) 
 

∆𝑣𝑖𝑗 = 𝛼𝛿𝑗𝑥𝑖                                                          (7) 

The main motive behind the back-propagation neural network is to attain a balance 

between the ability to train images correctly, and the ability to respond to new inputs. 

This results in correct classification of new presented data. 

 

4. IMPLEMENTATION 

The proposed approach is developed in MATLAB. Five categories of mechanical 

tools were used to check the ability of the implemented object recognition system. 

The dataset was obtained by capturing images of 5 mechanical tools in real time, as 

shown in figure 2, namely, key, plier, nut, tool and screwdriver. 

 

 

Figure 2 Objects used for training and testing 
 

For this research work, 200 images of 5 mechanical tools are used, comprising of 40 

images for each object. Out of this, a total of 100 images (20 images for each object) 

were randomly selected for training the network. The remaining 100 images were 

used for testing the system. The images are obtained by applying rotation, scaling, and 

translation transformations to the object image.  
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4.1 IMAGE ENHANCEMENT 

An object image is taken as an input to the system. The image is converted to 

grayscale and the image is enhanced to make it clear and minimize noise. The 

enhanced output for an object is shown in figure 3. 

 

Figure 3 Enhanced output 

 

4.2 IMAGE SEGMENTATION 

The enhanced image is then segmented, to separate the object from its background. 

The segmented output for an object is shown in figure 4. 

 

Figure 4 Segmented output 

 

4.3 FEATURE EXTRACTION 

Feature extraction is done using the Zernike moments. A 49 moment feature vector is 

obtained by computing the Zernike moments from 0th order upto 12th order. The 

features produced by Zernike moments are invariant to rotation. This can be 

illustrated by a simple observation. Figure 5 shows an image of key, along with its 

rotated versions at rotation angle 45
°
, 135

°
, 225

°
, and 315

°
respectively. 

 

Figure 5. Images of key rotated at angles 45
°
, 135

°
, 225

°
, and 315

°
 respectively 
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Table 1 gives the list of their Zernike moments for 2nd and 3rd order. 

Table 1 Magnitudes of the Zernike moments of images shown in figure 5 

 |𝐴20| |𝐴22| |𝐴31| |𝐴33| 

45
°
 0.1249 0.0116 0.0023 0.0040 

135
°
 0.1240 0.0115 0.0031 0.0040 

225
°
 0.1233 0.0115 0.0036 0.0041 

315
°
 0.1238 0.0115 0.0028 0.0045 

 

Figure 6 shows an image of plier, along with its rotated versions at rotation angle 

45
°
, 135

°
, 225

°
, and 315

°
respectively. 

 

Figure 6 Images of plier rotated at angles 45
°
, 135

°
, 225

°
, and 315

°
 respectively 

 

Table 2 gives the list of their Zernike moments for 2nd and 3rd order.  

Table 2 Magnitudes of the Zernike moments of images shown in figure 6 

 |𝐴20| |𝐴22| |𝐴31| |𝐴33| 

45
°
 0.4572 0.1874 0.0900 0.0502 

135
°
 0.4564 0.1873 0.0898 0.0500 

225
°
 0.4542 0.1881 0.0894 0.0505 

315
°
 0.4553 0.1876 0.0902 0.0501 

 

Figure 7 shows an image of tool, along with its rotated versions at rotation angle 

90
°
, 180

°
, 270

°
, and 360

°
respectively. 

 

Figure 7 Images of tool rotated at angles 90
°
, 180

°
, 270

°
, and 360

°
 respectively 
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Table 3 gives the list of their Zernike moments for 2nd and 3rd order.  

Table 3 Magnitudes of the Zernike moments of images shown in figure 7 

 |𝐴20| |𝐴22| |𝐴31| |𝐴33| 

90
°
 0.1821 0.0248 0.0387 0.0065 

180
°
 0.1819 0.0247 0.0393 0.0065 

270
°
 0.1819 0.0247 0.0392 0.0065 

360
°
 0.1818 0.0248 0.0395 0.0066 

Figure 8 shows an image of screwdriver, along with its rotated versions at rotation 

angle 45
°
, 135

°
, 225

°
, and 315

°
respectively. 

 

 

Figure 8 Images of screwdriver rotated at angles 45
°
, 135

°
, 225

°
, and 315

°
 

respectively 

 

Table 4 gives the list of their Zernike moments for 2nd and 3rd order.  

Table 4 Magnitudes of the Zernike moments of images shown in figure 8 

 |𝐴20| |𝐴22| |𝐴31| |𝐴33| 

45
°
 0.0427 0.0540 0.0722 0.0498 

135
°
 0.0419 0.0531 0.0708 0.0491 

225
°
 0.0421 0.0573 0.0699 0.0492 

315
°
 0.0428 0.0536 0.0721 0.0494 

 

From the above tables, it can be concluded that the Zernike moments were 

successfully able to achieve invariance to rotation for all objects. 

 

4.4 CLASSIFICATION 

The back propagation network is constructed using the pattern recognition tool of the 

Neural Network Toolbox in MATLAB. The input matrix to the network is a 49x100 

matrix, representing 100 samples of 49 feature vectors. The target matrix is a 5x100 

matrix, representing 100 samples of 5 output classes. Thus, the network comprises of 

49, 10 and 5 neurons in input, hidden and the output layer respectively. The 
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backpropagation network is trained using the input features matrix of all training 

images, along with their assigned class. The Neural Network training window, shown 

in figure 9, displays the progress of the training of the network.  

 

Figure 9 Neural Network Training 

 

From the neural network training window, it is observed that the network is trained 

for 41 epochs, and is stopped while validation, when the validation error starts 

increasing. This can also be seen from the performance plot of the network for 

training, testing, and validation data, shown in figure 10.  

 

 

Figure 10 Performance plot 
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It can be seen that training of the system occurred for 41 epochs. The best validation 

performance is achieved at epoch 35, when the validation error is minimum. At this 

point, the network stopped generalization, and hence, the training is halted.  

The accuracy of the training data can be observed from the confusion matrix, shown 

in figure 11, generated for training, validation, testing, and all training images.  

 

Figure 11 Confusion matrix 
 

It shows that 100% correct classification is achieved by the network, with 0% 

misclassifications. The values of the percentage error (%E), as obtained after training 

the network, is shown in figure 12. 

 

Figure 12 Percentage error after training 

 

The network was trained several times to obtain minimum % error. It can be seen that 

at this moment, the % error is zero, which depicts zero misclassifications. 
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5. RESULTS AND DISCUSSION 

The implemented object recognition system was tested using 100 images, comprising 

of 20 images of each object. Some of the classification results are displayed, along 

with their enhancement and segmentation results. 

 

TEST OBJECT 1:  

The first tested object, is shown in figure 13. 

 

Figure 13 Test Object 1 

 

The below shown table 5, displays the output results of the classifier for test object 1. 

Table 5 Result of classifier for test object 1 

Class Output of classifier 

1 (Key) 0.0000   

2 (Plier) 0.0002 

3 (Nut) 0.0001 

4 (Tool) 0.9942 

5 (Screwdriver) 0.0054 

 

Result: 

Maximum output: 0.9942 

Class: 4 

Object: Tool 

 

TEST OBJECT 2:  

The next tested object, is shown in figure 14.  
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Figure 14 Test Object 2 

The below shown table 6, displays the output results of the classifier for test object 2. 

 

Table 6 Result of classifier for test object 2 

Class Output of classifier 

1 (Key) 0.0003   

2 (Plier) 0.0000 

3 (Nut) 0.9993 

4 (Tool) 0.0001 

5 (Screwdriver) 0.0003 

 

Result: 

Maximum output: 0.9993 

Class: 3 

Object: Nut 

 

TEST OBJECT 3:  

The next tested object, is shown in figure 15. 

 

Figure 15 Test Object 3 

 

The below shown table 7, displays the output results of the classifier for test object 3. 
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Table 7 Result of classifier for test object 3 

Class Output of classifier 

1 (Key) 0.0001 

2 (Plier) 0.9929 

3 (Nut) 0.0000 

4 (Tool) 0.0025 

5 (Screwdriver) 0.0045 

 

Result: 

Maximum output: 0.9929 

Class: 2 

Object: Plier 

 

TEST OBJECT 4 : 

The next tested object, is shown in figure 16. 

 

Figure 16 Test Object 4 

 

The below shown table 8, displays the output results of the classifier for test object 4. 

Table 8 Result of classifier for test object 4 

Class Output of classifier 

1 (Key) 0.9962 

2 (Plier) 0.0000 

3 (Nut) 0.0028 

4 (Tool) 0.0010 

5 (Screwdriver) 0.0000 
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Result: 

Maximum output: 0.9962 

Class: 1 

Object: Key 

 

TEST OBJECT 5:  

The next tested object, is shown in figure 17. 

 

 

Figure 17 Test Object 5 

 

The below shown table 9, displays the output results of the classifier for test object 5. 

Table 9 Result of classifier for test object 5 

Class Output of classifier 

1 (Key) 0.0000   

2 (Plier) 0.0005 

3 (Nut) 0.0000 

4 (Tool) 0.0006 

5 (Screwdriver) 0.9989 

 

Result: 

Maximum output: 0.9989 

Class: 5 

Object: Screwdriver 
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TEST OBJECT 6: 

 The next tested object, is shown in figure 18. 

 

 

Figure 18 Test Object 6 

 

The below shown table 10, displays the output results of the classifier for test  

object 6. 

 

Table 10 Result of classifier for test object 6 

Class Output of classifier 

1 (Key) 0.0006  

2 (Plier) 0.0000 

3 (Nut) 0.9802 

4 (Tool) 0.0126 

5 (Screwdriver) 0.0066 

 

Result: 

Maximum output: 0.9802 

Class: 3 

Object: Nut 
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TEST OBJECT 7: 

 

The next tested object, is shown in figure 19. 

 

 

Figure 19 Test Object 7 

 

 

 

The below shown table 11, displays the output results of the classifier for test object 

7. 

Table 11 Result of classifier for test object 7 

Class Output of classifier 

1 (Key) 0.0006  

2 (Plier) 0.0002 

3 (Nut) 0.0000 

4 (Tool) 0.9992 

5 (Screwdriver) 0.0000 

 

Result: 

Maximum output: 0.9992 

Class: 4 

Object: Tool 
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TEST OBJECT 8: 

The next tested object, is shown in figure 20. 

 

Figure 20 Test Object 8 

 

The below shown table 12, displays the output results of the classifier for test object 

8. 

Table 12 Result of classifier for test object 8 

Class Output of classifier 

1 (Key) 0.0000   

2 (Plier) 0.9990 

3 (Nut) 0.0000 

4 (Tool) 0.0009 

5 (Screwdriver) 0.0001 

 

 

Result: 

Maximum output: 0.9990 

Class: 2 

Object: Plier 
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TEST OBJECT 9: 

The next tested object, is shown in figure 21. 

 

 

Figure 21 Test Object 9 

 

 

The below shown table 13, displays the output results of the classifier for test object 

9. 

Table 13 Result of classifier for test object 9 

Class Output of classifier 

1 (Key) 0.9927   

2 (Plier) 0.0033 

3 (Nut) 0.0000 

4 (Tool) 0.0029 

5 (Screwdriver) 0.0011 

 

Result: 

Maximum output: 0.9927 

Class: 1 

Object: Key 
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TEST OBJECT 10: 

The next tested object, is shown in figure 22. 

 

 

Figure 22 Test Object 10 

 

The below shown table 14, displays the output results of the classifier for test object 

10. 

Table 14 Result of classifier for test object 10 

Class Output of classifier 

1 (Key) 0.0000 

2 (Plier) 0.0106 

3 (Nut) 0.0001 

4 (Tool) 0.0051 

5 (Screwdriver) 0.9842 

 

Result: 

Maximum output: 0.9842 

Class: 5 

Object: Screwdriver 

In the same way, the system is tested for all the testing images, and their 

corresponding results were obtained. These results were used to calculate the 

percentage accuracy of the system, as shown in equation 14. 

 

% 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑛𝑜. 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑡𝑒𝑠𝑡 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑜. 𝑜𝑓 𝑡𝑒𝑠𝑡𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
 × 100                 (14) 
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The overall results of the system, for the recognition of mechanical tools into their 

respective classes are displayed in Table 15, which showed 100% accurate results. 

 

Table 15 Testing results 

Class Object Class Total No. of 

tested images 

No. of images 

correctly classified 

% accuracy 

1  Key 20 20 100% 

2  Plier 20 20 100% 

3  Nut 20 20 100% 

4  Tool 20 20 100% 

5  Screwdriver 20 20 100% 

     

 Total 100 100 100% 

 

 

6. CONCLUSION 

Object recognition is a very wide research approach in the field of machine vision. 

The proposed research work is a step in this direction. The proposed object 

recognition algorithm was successfully implemented and tested for various images 

subject to several transformations, like scaling, translation, and rotation. As already 

seen and discussed, the developed object recognition system produced perfect and 

accurate results without any error. It has the capability to produce good results, and 

work efficiently in identification and recognition of objects, irrespective of 

translation, scaling and rotation, in real time. In future, the system can be tested on 

various other sets of objects. 
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