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Abstract: Accurate and precise vehicle recognition and 

classification play a major role in analyzing and understanding 

traffic surveillance systems. This paper proposes a dynamic 

feature descriptor to recognize and classify road users based on 

graph representation. Local gradient patterns are computed 

based on the grayscale difference on the four directions across 

the center pixels. Dynamic gradients are determined according to 

the effective gradient computed as the mean value of all 

gradients. Hierarchal Graph using angular rotation pattern are 

applied to extract Dynamic Gradient Patterns (DGP). The central 

pixel is represented by Hierarchal Graph of Dynamic Gradient 

Patterns (HG-DGP).The proposed method learns dynamic 

representation adaptively to achieve efficient recognition with 

higher accuracy and lower pre-processing. The experimental 

results show that the proposed technique combined with support 

vector machine is efficient and discriminative for road user 

recognition and classification. 

I. INTRODUCTION 

With the massive increase of road users and vehicles, 

there has been a great interest in vehicle recognition and 

classification for Intelligent transportation systems (ITS). 

Therefore, it is important to develop techniques or methods 

that allow accurate recognition and classification of urban 

road users. Conventional technologies collect information 

using various types of sensors like inductive loops that have 

limitations in cost, maintenance and discrimination 

capability. However, these techniques are highly affected by 

intrusive, malfunctions and environmental conditions. In 

recent years, video cameras combined with image 

processing and computer vision techniques offer an 

attractive capability for data acquisition, since it provides a 

lot of valuable information about the traffic. these systems 

are easy to install, maintain and upgrade in urban 

environments with relatively low cost and wide variety of 

applications. Video-based applications may include vehicle 

recognition, classification, counting, speed measurement 

and incident detection [1]. In general, vision-based 

techniques are used for feature extraction to achieve object 

recognition and classification [2]. 
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Most video recognition and classification systems utilize 

either motion segmentation or appearance feature extraction. 

Motion features are measured using traffic dynamics. 

Background subtraction, frame differencing and optical flow 

are the main techniques used in vehicle recognition. In 

contrast to motion segmentation techniques that detect 

motion only, appearance-based techniques detect stationary 

objects in images or videos [3].Visual appearance features 

include local symmetry edge operators, geometrical 

features, three-dimensional modelling and spatial invariance 

edge-based histogram [5,6].  

In recent years, these simple features evolve into more 

robust and stable features that allow direct recognition and 

classification of vehicles. Scale Invariant Feature 

Transformation (SIFT) [4], speeded up Robust Features 

(SURF) [7], Histogram of Oriented Gradient (HOG) [2] and 

Haar-like features [8] are used extensively in the literature 

for vehicle recognition and classification. A comprehensive 

review of vehicle recognition techniques is described in [1]. 

Vehicle make and model classification using support 

vector machine (SVM) and a combination of SIFT and bag-

of-words was addressed in [9]. SIFT was applied in [10] to 

extract and match features from the segmentation obtained 

by background subtraction. Symmetrical SURF descriptor 

was used to recognize vehicle make and model in [11] by 

identifying object symmetry about vertical access. it does 

not require segmentation and perform well in real time.  In 

[12] HOG descriptor and SVM was applied to distinguish 

between vehicles and background by detecting the 

underneath vehicles shadow. They detect the forward view 

of the vehicle to adapt variations in lighting conditions. 

Similar to the previous work, symmetrical HOG features 

were applied to extract  shadows underneath vehicles in 

[13].HOG descriptor and SVM was applied to distinguish 

between people and vehicles from different viewpoints in 

[14]. They use stereo cue to distinguish between person or 

vehicle candidates. Separate classifiers were developed and 

applied simultaneously to achieve joined result for all 

viewpoints. More accurate results were obtained by 

combining HOG and Haar-like features in [15]. 

Advanced techniques like deep neural networks (DNN) 

was used for vehicle recognition and classification in [16]. 

They classify vehicles into cars, sedans, and vans using 

small data set. SVM was used with geometric and 

appearance-based features in [17] for multiclass and intra 

class vehicle type classifications.  
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Its application was limited to small, medium, and large 

categories. In [18], DNN was used for feature extraction and 

linear SVM for classification. 

In this work, vision-based system is proposed to 

recognize and classify different types of road users. The 

proposed technique make use of graph representation and 

dynamic gradient calculation. Graph based theory is utilized 

to describe the spatial angular relation between image pixels 

and their neighbors. Dynamic gradient pattern is used to 

represent effective gradients that are above the mean of all 

gradients surrounding the central pixel. This paper is 

organized as follows: section 2 introduce the proposed 

method, which include graph based pixel representation and 

the dynamic gradient pattern transformation. Experimental 

results and discussion are demonstrated in section 3. Finally, 

section 4 conclude this work and propose directions for 

future work. 

II. HIERARCHAL GRAPH REPRESENTATION  

OF DYNAMICGRADIENT PATTERN 

This section describe the Hierarchal Graph 

Representation of Dynamic Gradient Pattern (HG-DGB) 

generation. An overview of the proposed approach is 

illustrated in figure 1. The descriptor operates on gray scale 

difference. The descriptor for the center pixel is represented 

by two gradient graphs gradient2 and gradient2. Gradient1 

has for gradient magnitudes        ,        ,         
and        . Gradient2 is calculated as       ,     
   ,         and        . Each gradient magnitude has 

two direction according to the sign of the difference. 

Therefore, 8-bines are required to represent 8 equally spaced 

angels for gradint1 and another 8-bines are required to 

represent another 8 angels for gradint2 that are dividing the 

angles of pattern1 equally.  

The proposed descriptor is based on hierarchal graph of 

weighted directional gradient within a local area around the 

pixel. Angular rotation pattern mapping is proposed for 

multi-scale analysis by varying the scale and rotation of the 

pixel connectivity. An angular graph can be expanded to 

incorporate multiple vertices based on the rotational angle 

across the center pixel. A pair of pixels are denoted as a 

vertex vi in the graph that pass through the center pixel.  

 Two pattern mapping are generated with neighborhood 

of 8 pixels each. For the first pattern the angle between 

vertices is 45 and all vertices is 45n from the vertical or 

horizontal line, where n =0,1,…Two vertices are connected 

if the angles between the them is equally spaced. for the 

second hierarchal pattern non-orthogonal vertices that pass 

through the central pixel is used. 
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Fig. 1 Graph based dynamic gradient pattern descriptor 

The descriptor operates on gray scale images. The pixels 

are represented by a graph of effective gradients e. g., the 

maximum directional gradient and the directional gradients 

above the mean of all surrounding gradients. Thus, 8-bines 

are needed to represent four bidirectional gradients. The 

proposed graph structures  

This new descriptor is called graph based directional 

gradient pattern  

It includes the main gradient an any effective gradient that 

is above the mean of all gradients. thus, it will provide better 

representation for corners according to the corner angle and 

the gray scale variation. 

Object edges can be considered as vectors with magnitude 

and direction representation. line, curve and corner edges 

can have single or multiple magnitudes and directions as 

shown in figure. Thus, edge pixels can have a single or 

multiple (corner or curve) magnitude and direction 

representation. The gradient magnitude    of the graph is 

computed as the maximum absolute gray scale difference 

across the central pixel. This will provide four gradients. 

The direction of the gradient is determined by the gradient 

orientation and sign.  

              

Where     and     are corresponds to gray scale values of 

a pair of neighboring pixels around the central pixel. The 

dynamic gradient can be generated using threshold value as 

the average of the for gradient values.  

   
 

 
    

 

   

 

Graph gradients that will be included in the representation 

are dynamically selected as those gradients with absolute 

value greater than threshold Tas: 

    
           

          
  

 

Where     is a weighting factor computed as: 
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After pixel representation is calculated and accumulated 

into bines, feature vector is generated by concatenating the 

bines of image regions .The size of the feature vector is 

computed as: 

   
  

  

     
  

  

        

where R is the image dimension w width and h height, C 

is the cell dimension, B is the number of cells per block, and 

H is the number of histograms bins.  

III. EXPERIMENTAL RESULTS AND DISCUSSION 

The proposed HG-DGP is evaluated and compared on a 

standard benchmark. Experiments were performed on a 

laptop (2.3 GHz, 4th generation core i5 CPU with 8-GB 

RAM, SSD storage and windows 10 64-bit). The data set 

used in this paper was taken from MIO-TCD classification 

dataset [16], it contains a total of 648,959 colored images of 

various categories, sizes and orientations. Images are 

divided into 11 categories which include: Pedestrian, 

Bicycle, Motorcycle, Car, Bus, Pickup truck, Work van, 

Single unit truck, Articulated truck, Non-motorized vehicle 

and Background. A total of 2065 images were selected from 

the first 8 class in the data set, which represent urban road 

users only. The total image samples for each class is shown 

in  Figure 2, which include 106 Pedestrian, 126 Bicycle, 139 

Motorcycle, 1002 Car, 213 Bus, 119 Pickup truck, 160 

Work van and 200 Single unit truck. 

The classification was performed using support vector 

machine with linear, quadratic, cubic and Gaussian kernel. 

Ten rounds of experiments were conducted, and the average 

value of the results were reported. 

 

   
  

 
 

 

 

Fig. 2 Histogram of training image set per class category 

The input images are converted to gray scale and resized 

into 32*32 pixel. Then it is divided into several equal sized 

cells. For the single cell case, the bins are used to represent 

the whole cell. A ten-fold cross validation using multiclass 

support vector machine with linear, quadratic, cubic and 

Gaussian kernel were used for comparison. The 

classification accuracy for various SVM kernels, cell 

dimension and feature vector size is shown in table 1 and 

table 2 for HOG feature descriptor and the proposed HG-

DGP respectively.  

Table. 1 Average classification accuracy in (%) for 8-bins HOG descriptor using Linear, Quadratic, Cubic and 

Gaussian SVM 

LinerSVM 52.1 67.8 80.4 83.8 82.3 

QuadraticSVM 42.9 75.4 84.3 87.8 86.4 

CubicSVM 21.1 67.5 83.5 88.7 86.9 

GaussianSVM 48.5 76.5 86.5 87.3 82.8 

Cell size 32*32 16*16 8*8 4*4 2*2 

Features # 8 32 128 512 2048 

 

 

 

 

0 

200 

400 

600 

800 

1000 

1200 

1 2 3 4 5 6 7 8 

N
u
m

b
er

 o
f 

im
ag

e 
S

am
p

le
s 

Classes 



 

Dynamic Features Descriptor for Road User Recognition Using Hierarchal Graph Dynamic Gradient Pattern 

417 
Published By: 
Blue Eyes Intelligence Engineering 

& Sciences Publication  
Retrieval Number F10490476S219 /19©BEIESP 

In the single cell experiment, the feature vector size equal 

to the number of bines multiplied by number of cells. The 

proposed HG-DGP descriptor achieves a classification 

accuracy of 93.2 for 256 features vector and cubic SVM. 

While the HOG descriptor achieves 88.7 classification 

accuracy at 512 features vector and cubic SVM. From tables 

1and 2, it is clear that the proposed descriptor can extract 

more discriminative information than HOG descriptor. 

Moreover, the 4.5% improvement in the classification 

accuracy was obtained with 50% smaller feature vector with 

the same classification technique (cubic SVM). 

Table. 2 Average classification accuracy in (%) for 16-bins HDG descriptor using Linear, Quadratic, Cubic and 

Gaussian SVM 

LinerSVM 58.6 79.2 87.7 89.2 87.8 

QuadraticSVM 62.9 86.3 92.8 92.5 91.6 

CubicSVM 63.9 87.5 93.2 93.1 91.3 

GaussianSVM 63 86.1 91.4 90.7 88.3 

Cell size 32*32 16*16 8*8 4*4 2*2 

Features # 16 64 256 1024 4096 

 

In the case of block with multiple cells. the bines for each 

block is the sum of cells bines constituting the block. The 

classification accuracy using various cell dimension with 

2*2 cell block and feature vector size is shown in table 3 

and table 4 for HOG feature descriptor and the proposed 

HG-DGP respectively.   

Table. 3 Average classification accuracy in (%) for 8-bins HOG descriptor using Linear, Quadratic, Cubic and 

Gaussian SVM 

LinerSVM 72.6 84.6 87.7 85.7 73.1 86.6 89.1 87.0 

QuadraticSVM 83.7 91.1 91.2 90.0 83.3 91.9 92.6 90.6 

CubicSVM 81.5 91.1 92.3 90.5 82.2 92.5 93.1 91.4 

GaussianSVM 85.4 91.6 90.1 87.1 85.3 92.6 91.7 88.1 

Cell size 16*16 8*8 4*4 2*2 16*16 8*8 4*4 2*2 

Features # 32 128 512 2048 32 288 1568 7200 

In the multiple cells experiment, non-overlapping and 

overlapping blocks were tested. For the non-overlapping 

blocks the proposed technique achieves a classification 

accuracy of 95.0 for 256features vector, and cubic SVM. 

While the HOG descriptor achieves 92.3 classification 

accuracy at 512 feature vector and cubic SVM. On the other 

hand, the proposed technique with overlapping blocks  

achieves a classification accuracy of 95.3 for 576features 

vector, and cubic SVM. While the HOG descriptor achieves 

93.1 classification accuracy at 1568 feature vector and cubic 

SVM. From tables 3-4, the proposed HG-DGP descriptor 

outperform HOG descriptor in extracting discriminative 

information with smaller feature vector size. 

Table. 4 Average classification accuracy in (%) for 16-bins HDG descriptor using Linear, Quadratic, Cubic and 

Gaussian SVM 

LinerSVM 81.7 88.8 89.8 88.2 82.3 89.8 89.3 88.5 

QuadraticSVM 89.1 94.1 92.6 91.0 89.1 94.7 93.4 91.6 

CubicSVM 89.8 95.0 93.6 91.7 90.5 95.3 94.1 92.2 

GaussianSVM 88.7 92.9 91.6 88.8 89.1 93.1 91.5 89.3 

Cell size 16*16 8*8 4*4 2*2 16*16 8*8 4*4 2*2 

Features # 64 256 1024 4096 64 576 3136  

 

The proposed feature descriptor archives the best score of 

95.3 using cubic SVM with a cell size of 8*8bit and 

overlapping blocks of 2*2 cell each. On the other hand, 

HOG descriptor achieves93.1 using cubic SVM with a cell 

size of 4*4bit and overlapping blocks of 2*2 cell each. For 

the best classification accuracy, the size of feature vector for 

the proposed HG-DGP descriptor is 576, while the size of 

HOG descriptor is 1568, which is about triple size. 

Finally, the experimental results confirmed that the 

proposed HG-DGP feature descriptor is more efficient, 

accurate and compact in classifying road users. The results 

also showed that the use of dynamin gradient and expanding 

the local structure provide higher discrimination ability at 

lower feature vector size. 

IV. CONCLUSION 

The dynamic feature descriptor proposed in this paper 

HG-DGP achieve better classification accuracy with lower 

feature vector size as compared to the HOG descriptor using 

cubic SVM. It computes the gradient pattern for each pixel 

based on the gray scale difference across pixel. Hierarical 

angular graph combined with dynamic gradient pattern 

provide compact, accurate and more discriminative 

descriptor even for small size feature vector. Experimental 

results show that the classification accuracy based on the  

 

 

 



International Journal of Recent Technology and Engineering (IJRTE) 

ISSN: 2277-3878, Volume-7 Issue-6S2, April 2019    

418 

Published By: 
Blue Eyes Intelligence Engineering 

& Sciences Publication  Retrieval Number F10490476S219 /19©BEIESP 

proposed feature descriptor using multiclass cubic SVM 

outperform HOG for various block sizes. In future work, the 

proposed HG-DGP descriptor will be trained using deep 

learning and compared with other descriptors like local 

binary pattern LBP. 
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