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Abstract - The aim of this work is to acknowledge real-time moving items for better mobilization 
from roadside scenes or pictures. The moving objects will be detected and recognized effectively. 
The objects are automatically identified and segmented using trained objects by AdaBoost classifier. 
To extract characteristics from the segmented object, combined DCT-DWT is introduced and 
assessed. In the training phase, for each category of objects, more number of real time objects is used 
and the features were reduced in dimensions for better results. The object recognition performance is 
assessed along with the respective techniques for selecting the feature. The recognition performance 
is measured at the rate of 88.0 percent with the usage of combined DCT – DWT. 
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I. INTRODUCTION 
Visual object recognition is a fundamental, frequently performed cognitive task. Generally, 

different recognition tasks, including categorization and identification. In order to obtain accurate 
recognition results, various feature extraction techniques are implemented and evaluated. Following 
this design, early work in computer vision is attempted to achieve recognition of objects under 
supervised classifier that directly operate over low-level image features such as texture and shape.  

QuyenBuia, Keum-Shik Hong provided an active base model for object recognition 
evaluation based on color. In 2010, they launched an active base model (ABM) for object 
recognition, where the learning algorithm tends to sketch edges in textures. A grey-value local power 
spectrum was used to find a common template and deformable templates from a set of training 
images and to detect an object in new images by template matching. This paper propose a colour-
based active basis model (color-based ABM for short), which incorporates color information. It 
adopt the framework of Wu et al. in the learning, detection, and classification of the colour-based 
ABM. However, we change the Wu et al. structure by using distinct color-based characteristics in the 
learning and template matching algorithms to enhance the efficiency in object recognition. Two 
kinds of teaching (i.e. monitored learning and unsupervised learning) are also being studied in this 
color-based ABM strategy. In addition, the usefulness of color-based ABM in computer vision apps 
for practical object recognition is proved and its important increase in object recognition is reported. 

Ki-Yeong Park, Sun-Young Hwangsuggested An enhanced hair-like feature for effective 
object detection. They suggested an enhanced feature descriptor, Haar Contrast Feature, for effective 
object detection under different lighting circumstances. The suggested feature utilizes the same hair-
like feature prototypes and calculates contrast using the standardization factor designed to represent 
the average feature region intensity. Using an integral image, it is calculated effectively and is more 
potent in real-time apps by not needing variance normalization during detection.  

UeliRutishauser, Dirk Walther, Christof Koch, and Pietro Perona submitted an Is bottom-up 
for object identification purposes. A key issue in learning multiple objects from unlabeled images is 
that it is a priori impossible to tell which part of the image corresponds to each object and which part 
is an irrelevant clutter that is not associated with the objects. We are empirically investigating the 
extent to which mere bottom-up attention can obtain helpful data from pictures about the place, size 
and shape of objects and show how this data can be used to allow unsupervised learning of objects 
from unlabeled pictures.  
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Based on the different extracted features, an object recognition scheme is created in this 
paper. As stated above, an effective technique for locating object areas is implemented and the 
characteristics are the primary feature for distinguishing objects. We convert the object recognition 
assignment to region sets categorization issue after extracting the probable target areas, which can be 
solved by the RBFNN (Radial Basis Function Neural Network) classifier. 

A. Outline of Work 
The rest of this document is arranged as follows. Section 2 presents the primary concepts and 

procedure for locating objects and the method of segmentation.  Section 3 presents our object 
recognition's different feature extraction techniques.  Section 4 introduces RBFNN Classifier training 
data function. Several experimental findings and comprehensive explanations can be found in 
Section 5. Our final annotations and future work are contained in Section 6. 

II. Moving Object Detection Techniques 
Moving object detection from input image includes two things namely Haar-like feature 

A. Haar-like Features  
Each Haar-like feature consists of two or three jointed “black” and “white” rectangles. The 

value of a Haar-like feature is the difference between the sum of the pixel gray level values within 
the black and white rectangular regions. Compared with raw pixel values, Haar-like features can 
reduce/increase the in-class/out-of-class variability, and thus making classification easier.  

f(x) = Sumblack_rectangle (pixel gray level) – Sumwhite_rectangle (pixel gray level)         
Haar feature A detects the horizontal variation of pixels in images. Haar feature B detects the vertical 
variation of pixels in images. Haar feature C detects the horizontal changes. Haar feature D detects 
the diagonal variation of pixels in images. A set of basic Haar-like features are shown in Fig. 2.1. 
 
B. AdaBoost Classifier Algorithm  

AdaBoost (Adaptive Boost) is an iterative learning algorithm that uses only a training set to 
build a "powerful" classifier and is a "weak" learning algorithm. The weak classifiers are converted 
into a powerful classifier. In each iteration, the learning algorithm selects a "weak" classifier with the 
minimum classification error. AdaBoost is adaptive in the sense that later classifiers are tuned in 
favor of those sub-windows misclassified by previous classifiers. 

 
Fig. 2.1 Adaboost classifier 

 
C. Training and Testing of objects  

A total of 90 scene pictures are taken for Moving object detection. Using AdaBoost classifier 
algorithm, each picture undergoes training and testing. Based on the number of iterations, for each 
input image given to the classifier, the training stage and False alarm rate are thus varied. The 
classifier AdaBoost is used primarily to transform the weak classifier to a powerful classifier.  
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The multiple pictures of moving objects like car, bike, tractor, bus and human are taken. Only 112 
moving objects are correctly identified among the 125 moving objects. The detection rate for objects 
moving in real time is 89.60%. 
 

III. OBJECT FEATURE EXTRACTION 
Feature Extraction is a technique of reducing dimensionality to simplify the quantity of 

information needed to represent a big number of information. Extraction of features is a technique of 
building variable value combinations that still describe the information with adequate precision. 

A. Discrete Wavelet Transform (DWT) 
The Discrete Wavelet Transform is based on sub-band coding and a quick Wavelet 

Transform calculation is discovered. DWT is easy to enforce and decreases the calculation time. The 
DWT is computed by successive low pass and high pass filtering of the discrete time-domain signal 
as shown in fig 3.1, the signal is denoted by the sequence x[n], where n is an integer. The low pass 
filter is denoted by g[n] while the high pass filter is denoted by h[n]. At each level, the high pass 
filter produces detail information, while the low pass filter associated with scaling function produces 
coarse approximations. In the filtering or decomposition process, ↓2 represents down sampling by 2.  

Using DWT, an image can be broken down into a series of various spatial domain pictures. 
The 2D picture can be decomposed following distinct frequency bands such as LL, LH, HL and HH 
as shown in Figure 5. 

 

Fig. 3.1  DWT process 
 
These are also known by another name, coefficients [ cA, cH, cV, cD]DWT such as cA are 

approximation coefficients, cH is horizontal coefficients, cV is vertical coefficients, and cD is 
diagonal coefficients. 

 

Fig. 3.2 Two-Dimensional DWT with 3 Level Decomposition 
 

 

 
Five-level two-dimensional wavelet decomposition with respect to a Daubechies wavelet is 

performed and from the final level DWT approximation coefficients of the input image 20 features 
were chosen 
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B. Discrete Cosine Transform (DCT) 
The discrete cosine transform is a separable linear transformation and this 2 D DCT is same 

as the 1-D DCT performed along a single dimension followed by a 1-D DCT in the other dimension. 
The description of the 2-D DCT for an input image x and output image X is expressed as  

 

 
 

 
Due to its exceptional energy compaction property, DCT is widely used in image 

compression. At low frequency, there is plenty of frequency elements of the activity acceleration 
information. Most of the information that is visually significant is concentrated in a few DCT 
coefficients. The high frequency DCT coefficients are therefore removed and the low frequency 
DCT coefficients are chosen as activity characteristics. In final, the first twenty highest energy DCT 
coefficients are extracted from each data for features.  

 
C. Combined features of DCT and DWT        

The Combined Processes are described below and shown in Fig 3.3 as well. 
Process 1: Use DWT to decompose the input object image into four multi-resolution sub-bands that 
are not overlapping: LL1, HL1, LH1, and HH1.  
Process 2: Apply DWT again to sub-band LL1 in order to obtain four tiny sub-bands and select the 
sub-band LL2 as shown in Fig. 3.2. 
Process 3: Select only the first twenty LL5 characteristics from the five decomposition levels  
Process 4: apply DCT to the specified cropped input picture and select the first 20 maximum energy 
coefficients as a size reduction. 
Process 5: For each object, combine chosen DCT and DWT characteristics together.  
Process 6: Lastly, forty characteristics were chosen for the training stage from each picture. 
 

 
 

Fig. 3.3.  Combination of DCT and DWT coefficients 
 

IV. MOVING OBJECT RECOGNITION USING RBFNN 
 The proposed method recognizes the moving objects from the road side scenes through 
Radial Basis Function Neural Network. The moving objects are detected by analyzing the images 
using Adaboost classifier and segment the region of objects in the scene. This segmented portion is 
considered as an object image which is undergoing for extraction of combined DCT-DWT features.  
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Fig.4.1. Recognition system of the Moving objects 

Using the features selection, RBFNN model is trained and tested for recognition of moving objects. 

A. Radial Basis Function Neural Network  
Radial basis functions are embedded into a two-layer feed forward neural network. Such a 

network is characterized by a set of inputs and a set of outputs. In between the inputs and outputs 
there is a layer of processing units called hidden units. The architecture of RBFNN is shown in Fig 
3.1. 

 
Fig. 4.2 Radial basis function neural network. 

 
Each of them implements a radial basis function. The input layer of this network has ni units 

for a ni dimensional input vector. The input units are fully connected to the nh hidden layer units, 
which are in turn fully connected to the nc output layer units, where nc is the number of output 
classes. The activation functions of the hidden layer were chosen to be Gaussians, and are 
characterized by their mean vectors (centers) μi, and covariance matrices Ci, i = 1, 2, · · · , nh. For 
simplicity, it is assumed that the covariance matrices are of the form Ci =σi 2I, i = 1, 2, …, nh. Then 
the activation function of the ith hidden unit for an input vector xj 
 

V. EXPERIMENTAL RESULTS 
The performance of the Moving objects recognition system is evaluated using moving objects 

in laboratory environment. 
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A. Moving Object Recognition using Combined DCT-DWT and RBFNN 
 
RBFNN is trained to distinguish combined DCT & DWT features of a particular type of 

objects  and combined DCT - DWT features of the other types of objects in the training set, such 
that, RBFNN model is created for these moving objects. For training, 40 combined DCT & DWT 
features where 20 from each, are extracted from each object and is given as input to RBFNN model.  

 

 
Fig. 5.1 Performance chart for Moving Object Recognition using RBFNN 

 
For Testing, 40 combined DCT - DWT features of a test object are given as input to RBFNN 

model and the distance between each of the feature vectors and the RBFNN hyper plane is obtained. 
The recognition of a test object is decided based on the maximum distance. 

 
Fig. 5.2 Overall performance graph for moving object recognition using combined DCT-DWT. 

An image processing technique further comprises the display step resulting from the 
difference determination step and the diagnostic data in which the analyzed data shows that there is 
no region of interest in the display stage when no region of interest is obtained from the diagnostic 
information. 
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VI. CONCLUSION 
The moving objects are identified in this work by defining them through the powerful 

classifier of AdaBoost. Different kinds of moving objects are regarded to be segmented from the 
different road side scene or picture, and the Combined DCT-DWT technique is used for the best fit 
choice of characteristics to change identification efficiency. Using the RBFNN, different object 
recognition is experimented with the corresponding features and results are reported that the 
combination of DCT-DWT features provides better results in the recognition of the moving objects 
mentioned above. Recognition system with combined DCT-DWT characteristics reports an 88.0 
percent recognition rate. 
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