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 Background: The real time design of an Intelligent Transport Systems (ITS) with the 

automated intelligence nature is the background for traffic sign recognition scheme. 

Recognition schemes involves the various features such as shape and color based.  The 
shape based traffic sign recognition proposed in this paper. Objective: To create an 

effective Intelligent Transport Systems (ITS) for visually impaired people by using 

proposed traffic sign recognition scheme. To enhance the safety of the driver by 
creating fast traffic sign recognition scheme. To provide accurate classification 

compared to various state of art algorithms for the complex background images. 

Results: In this paper, shape based traffic sign name recognition is discussed. The edge 
based clustering extracts the optimized regions present in the image. The shapes of the 

image such as circle, triangle, square, is classified using Relevance Vector Machine 

(RVM). Then, feature extraction processes such as Convoluted Local Tetra Pattern 
(LtrP), Histogram of Oriented Gradient (HOG), Local Binary Pattern (LBP) extracts the 

features from different shapes of images. Finally, the distance based RVM classifier 

recognizes the predicted sign name from the images. The recognized sign name 
converted into audio output by the speech module. Conclusion: The factors affecting 

the recognition such as variations of shape and size discussed. In our proposed method, 

the edge based clustering detection predicted the sign name regions from the 
preprocessed image. The experimental results showed the accurate classification 

compared to state of art algorithms on traffic signs from complex background images. 

The performance analysis on recognition rate with various feature extraction methods 
on author dataset and GTSRB dataset showed the effectiveness of proposed method 

with maximum value. 
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INTRODUCTION 

 

 Intelligent Transport Systems(ITS) saves the life 

of pedestrians, time and money nowadays. An 

efficient design of ITS require Driver Assistance 

Systems (DAS). The architecture include the 

interconnection of various technologies such as 

internet, Geographical Information Systems (GIS), 

smart sensors. The important aspect of DAS and 

autonomous navigation system is the Traffic Sign 

Recognition (TSR). TSR includes two processes such 

as traffic sign detection and classification.  The 

localization of traffic sign in image space is termed 

as traffic sign detection. The labelling of detected 

traffic signs into specific categories performed in 

traffic sign classification.  

 The traffic sign recognition depends on various 

factors such as unique, small object variations, color 

contrast, position of sign relative to environment. 

Computer vision community turned towards the 

recognition of object classes. The traffic sign 

detection problem analyzed in two approaches 

traditionally. They are selective extraction and 

sliding window based classification. Selective 

extraction depends on saliency feature between the 

images. Hence, such approaches leads to risk in 

recognition process on compromised saliency. The 

single sign used in sliding window based method 

provided the multiple detection, which leads to 

additional step of non-maximum suppression in the 

post processing step.  

 The description about the traffic sign also 

requires in order to avoid the false understanding of 

signs. The traffic sign recognition also affected by 

the color and shape of the signs. This paper focus the 

major shapes such as circle, triangle, rectangle and 
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diamond. Various algorithms are used to classify the 

images according to texture of the images. The 

textural analysis are carried out in three levels. They 

are statistical, spectral, and structural. Statistical level 

deals with the set of statistics extracted from the 

image regions. The primitives and placement rules 

are discussed in structural level. Finally, the 

coefficients in transform domain included in spectral 

level.        

 Sign detection and recognition is a challenging 

process to predict the sign name in traffic images. 

There are two main issues to recognize the symbols. 

They are variety of symbol patterns (colors, 

orientations, fonts, sizes, etc. and the existence of 

background noise resembling text characters such as 

character, bricks and windows like texture. Most 

Optical Character Recognition (OCR) techniques are 

formulated to convert the sign images into readable 

text codes, but implement poorly when text is 

embedded in complex background due to the low 

frequency of text occurrence and interferences. 

Hence, algorithms of automatic symbol detection are 

required to filter out background noises and localize 

the regions containing text strings or characters in 

images for further processing of text segmentation 

and character recognition. 

 In this paper, the efficient sign recognition of 

traffic sign image is proposed. The number of images 

are arranged in database. The accurate identification 

of significant sign information about traffic rules 

performed to provide the safety issues in traffic. 

Various algorithms used for feature extraction for 

different shapes. The shapes used in the database are 

circle, triangle, rectangle and diamond. The 

convoluted Local Tetra Pattern (LtrP) combined with 

Histogram of Oriented Gradient (HOG) used in circle 

shape. The combination of Tamura features and 

convoluted Gray Level Co-occurrence Matrix 

(GLCM) used for triangle feature extraction. For 

rectangular shape, statistical features and complete 

local binary pattern is used. The GLCM based 

directionality and Local Binary Pattern is used for 

diamond shape.    The audio output obtained from 

recognized traffic sign name. The performance 

analysis on recognition rate confirms the 

effectiveness of the proposed method. The major 

contributions of this paper are discussed as follows: 

• The texture and circle shape features are 

extracted from the segmented image. The texture 

features are extracted based on the novel Convoluted 

LTrP (CLTrP) algorithm (texture). The shape 

features are extracted based on the HOG with the set 

of shape features. It provides accurate results and the 

size of the feature is high. Hence, Fuzzy based RVM 

algorithm is introduced to select the optimal features 

from the feature set. 

•   Tamura features are used for the triangle 

image. The shape features are extracted based on 

Convoluted GLCM efficiently analyses the energy, 

entropy and auto correlation parameters compared to 

traditional methods. 

Section II presents a description about the previous 

research which is relevant to the traffic sign 

recognition. Section III involves the detailed 

description about the proposed method for shape 

based classification. Section IV presents the 

performance analysis. This paper concludes in 

Section V. 

 

Related work: 

 This section deals with the works related to 

traffic sign recognition in traffic sign images in 

intelligent transport applications. The significant 

attention required to read the sign in road signs in the 

research work. Brkic et al(2010). presented the 

overview of various traffic sign detection methods. 

They divided the methods into three categories such 

as color based, shape based and learning based. 

Bahlmann et al (2005) described the computer vision 

based systems for real time robust traffic design 

systems. They offered the solutions for joint 

modelling without the need for tuning parameters. 

Hence, the literature works concentrated on road sign 

detection based on color and shape analysis. Fleyeh 

et al (2005) described the characteristics and 

difficulties in the traffic sign detection system in real 

time implementation. They used neural networks for 

classification of traffic sign images. Garrido et al 

(2006) divided the traffic sign name recognition into 

detection, classification and tracking. They employed 

Kalman filter for tracking of recognized objects and 

stored in memory. The sign name recognition 

affected by the climatic and lighting conditions. 

Hence, suitable method was required to analyzing 

lightning conditions. Greenhalgh et al (2012) 

detected the candidate regions in Maximally Stable 

Extremal Regions (MSER), which provides the 

robustness to the varying illumination conditions.  

 Mogelmose et al (2012) provided the detailed 

survey of traffic sign detection systems for driver 

assistance. They also included the integration of 

localization and context in the future direction 

analysis. They also introduced the database for U.S. 

Traffic signs. Color based traffic sign detection used 

to enhance the performance of segmentation. Kiran 

et al (2009) used the product of hue and saturation 

components for performance enhancement. They 

used linear Support Vector Machine (SVM) for 

shape based segmentation with distance to border 

features. Fleyeh et al (2013) extended the color based 

segmentation with Hough transform and Adaboost 

classifier. The Adaboost based segmentation 

performed on different lighting conditions showed 

the performance of 95 percentage. They used 

warning and prohibility signs for analysis. Reiterer et 

al(2010) presented the traffic sign classification 

using Scale Invariant Fourier Transform (SIFT). The 

SIFT based system detected the 70 percent of traffic 

signs accurately. The distinctive analysis on texture 
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of images performed in literatures. Zuñiga et al 

(2014) used the Gabor wavelets to efficiently 

characterize the textural pattern.  

 The research works in computer vision 

applications required the visibility of signs. The 

visibility of traffic signs is an important task for 

safety of drivers. González et al (2011) described the 

an approach for visual inspection of signs and panels 

termed as automatic inspection system. The 

presented inspection system enhanced the awareness 

of road signaling state. Sermanet et al (2011) applied 

the convolution networks to the traffic sign 

classification with biological inspiration. They 

modified the traditional network architecture by a 

two stage classifier to provide the best human 

performance metrics. Traffic sign detection suffered 

by various factors like frequent occlusions and 

orientations. Timofte et al (2014) combined 2D with 

3D to improve the color and shape detection 

performance in single view analysis. The speedup of 

performance was achieved with adaboost detectors. 

The robust vision based systems required in GPS 

based detection systems. Larsson et al (2011) used 

combined version of locally segmented contours and 

implicit star shaped object model for the different 

sign classes. The segmented contours represented as 

Fourier descriptors to improve the performance. The 

number of false positives were maximum leads to 

minimum efficiency. Ruta et al (2011) discussed the 

theoretical limits and practical realization in traffic 

sign recognition. Generic detector refinement with 

mean shifting cluster improved the detection 

accuracy by minimum false positive rates.  

 Fleyeh et al  (2011) invoked the Principle 

Component Analysis (PCA) to choose the most 

effective component of traffic sign image 

classification. Cireşan et al (2012) used fast and fully 

parameterizable design of traffic sign detection 

sytem based on neural network. They also invoked 

the Multi Column Deep Neural Network (MCDNN) 

to boost the recognition performance. Geronima et al 

(2013)  listed the learning objectives and constraints 

in the design of real time traffic sign recognition 

systems. Moura et al  (2014) implemented the fast 

traffic sign recognition system for robot. Tey 

performed in thress stages such as detection, 

pictogram extraction and recognition. Ciresan et al 

(2012) trained the winner neurons in MCDNN , 

averaged the predictions and fast training done by 

using graphics cards. Several feature extraction 

techniques were presented in the literatures.  

  Sharif et al (2012) presented the Red Blood Cell 

(RBC) segmentation using watershed algorithm. 

Morphological operators involved in binary erosion 

to diminish the object. The watershed algorithm acts 

as mask for White Blood Cell (WBC). Wu et al 

(2015) applied the outlier detection technique to 

handle the blob detection in large machines. They 

showed the speed up performance in the recognition 

of blob in the outlier detection. Kancharla et al 

(2011) presented the real time simple segmentation 

of scheme with new edge detection method. They 

implemented the two schemes for tracking. Yuan et 

al (2014) effectively combined the color, global 

spatial and direction structure and shape information 

by using the Local Oriented Edge Magnitude Pattern 

(LOEMP). They compared the LOEMP method with 

the LBP based feature extraction methods on the 

recognition rate. Lin et al (2002)  analyzed and 

described the Tamura features such as coarsness, 

contrast, directionality. Low level statistical 

properties were characterized by Tamura features 

and high level features were characterized by 

linguistic terms. The recognition rate for the number 

of images was minimum in traditional due to multi- 

shape features. In this work, the efficient shape 

classification method proposed to improve the 

recognition rate.  

                                                              

Proposed Method: 
 The main idea proposed in this paper is to 

implement shape based traffic sign recognition using 

diverse feature extraction process. The block diagram 

of proposed method is shown in Fig.1. 

 

Preprocessing
Edge Based 

Clustering

Shape 

Classification

Feature 

Extraction

Audio Output

Sign Name 

Prediction

Traffic Sign 

image

 
 

Fig. 1: Block diagram of proposed method. 

 

 The proposed method implemented using 

various processes. The gray scale image obtained 

from the original image in preprocessing. The false 

positives in preprocessed image are filtered by using 

Gaussian filter. The recognition of traffic sign name 

performed and the features are classified using 

Relevance Vector Machine (RVM) classifier. The 

predicted sign name is converted to audio output. 

The flow diagram of proposed method is shown in 

fig. 2. The traffic sign images are stored in the 
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database. Then, shape of the traffic sign are classified 

using RVM approach. The features are extracted for 

different shapes separately.  Finally, the prediction of 

sign name performed and the predicted name 

converted to audio output.  

 There are 500 number of  road traffic sign 

images used in this paper for recognition since there 

is no standard database for Indian traffic sign images 

available. The road sign image is shown in fig.3 
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Fig. 2: Flow diagram of proposed method. 

 

 
 

Fig. 3: Traffic Sign Images. 

 

A. Preprocessing: 

 The first phase of the sign name recognition 

from the image is preprocessing. Various processes 

are carried out in this step to remove the noise and 

the extraction of sign name regions. Initially, the 

RGB image is converted to gray scale image. The 

resolution of the gray scale images is varied. Hence, 

the reshaping process involves maintaining the 

resolution as in original image. There are two 

processes followed by the gray scale conversion such 

as filtering and gradient based edge detection.   The 

image taken for analysis is shown in Fig. 4. 

 

                                                   
 

Fig. 4: Preprocessed Image. 

 



 

 

 The accuracy of the image is affected by the 

noise present in the gray scale image. Hence, the 

Gaussian filtering process required to removal of 

noise present in the image. The threshold value is 

required for the traffic sign name region separation. 

Hence, the gradient based edge detection of noise 

free image is performed to create the threshold value. 

The difficulties in the sign name recognition from 

image is identification of non-connected regions. The 

suitable segmentation process is required to 

overcome the difficulties. 

 

B. Edge based Clustering: 

 Let the size of the input image be𝑚 × 𝑛. The 

information of image at margins is preserved by 

padding each pixel in the direction of grey value is 

equal to adjacent pixel. The resultant padded image 

in the dimension of (𝑚 + 1) (𝑛 + 1).  Then, a 3 × 3 

neighborhood matrix for each pixel is extracted using 

Canny based edge detection. The Gaussian filtering 

performed for the removal noisy objects present in 

the extracted image. The openCV Gaussian function 

to describe the smoothing of images is represented 

with standard deviation 𝜎 and moment 𝜇 of the 

pixels 𝑎, 𝑏  as 

𝐺0 𝑎, 𝑏 = 𝐴𝑒
−

 𝑎−𝜇𝑎 

2𝜎𝑎
2 +−

 𝑏−𝜇𝑏 

2𝜎𝑏
2

                               (1) 

 Then, the feature vectors for image are extracted. 

K-means clustering on feature vectors performed 

with edge analysis. The time complexity in edge 

analysis is reduced by applying greedy algorithm. 

Let 𝑎(𝑖) be the average distance of particular point 

(i) to all points in a cluster b(𝑖) be the average 

distance of particular point (i) to all points in another 

cluster. Then the width (s (i)) between the pixels are 

described as follows: 

𝑠 𝑖 =  
𝑏 𝑖 −𝑎(𝑖)

min(𝑏 𝑖 ,𝑎(𝑖))
                                                (2) 

 

Algorithm: 

Input: 𝐵 ← 𝜑, 𝑙 ← 1, 𝑠 ←  −1, 𝑆𝑒𝑡 𝑜𝑓 𝑣𝑒𝑐𝑡𝑜𝑟𝑠 (𝐷)  
Output: Optimal Clustering Result 

While (TRUE) 

𝑙′ = 𝑙 + 1 

𝐵′ = 𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑖𝑛𝑔 (𝐷, 𝑙′ ) 

𝑠′ = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑤𝑖𝑑𝑡 (𝐵′) 

Check 𝑠′ >  𝑠 then 

𝐵 ← 𝐵′, 𝑙 ← 𝑙′, 𝑠 ← 𝑠′ 

Otherwise 

Exit 

 The edge regions are extracted in this phase as 

shown in fig. 5.  

 

 
 

Fig. 5: Edge detection. 

 

 Location of all the sign images inside the traffic 

sign image carried out using CCA technique. The 

segmented output of extracted edges are shown in 

fig. 6 

 

 
 

Fig. 6: Segmented Output. 

 

C. Shape classification: 

 Moreover, the proposed method takes the shape 

features of the traffic sign name to recognize the 

accurate character with Relevance Vector Machine 

(RVM). The shape characteristics are used in this 

method. There are four shapes are considered. The 

alert sign is represented by the triangle images, 

compulsory stage is represented by circle, and 

rectangle represents the information sign and 

diamond means only for STOP. The loss function 𝐿  

and penalty function 𝑃 to reduce the regressions 

present in the image for classification of shape in 

RVM. The optimization problem to describe the 

objective function represented by, 

𝑓 =
1

𝑛
 𝐿 𝑤𝑡𝑥𝑖 + 𝑃(𝑤)𝑛

𝑎=1                 (3) 

 The optimization problem considered as 

Maximum a Posterior (MAP) estimate to predict the 

multi-nominal likelihood. The introduction of hyper 
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parameter 𝛼 to describe the shape feature yields an 

optimization process in two stages. They are 

optimizing the weight factor (w) with hyper 

parameter 𝛼 and optimize hyper parameter 𝛼 using 

optimized weight factor. The RVM based shape 

classification is an iterative process. The converged 

weight factor and hyper parameter are obtained at the 

end of an iteration. The multi class likelihood to 

describe the shape features represented as  

𝑃 𝑡  𝑤) =    𝜎(𝑦𝑘 (𝑥𝑛 ;𝑤𝑘 ))𝑡𝑛𝑘𝑘𝑛                      (4) 

 Here the input image samples are represented 

as𝑥, weight factor 𝑤 and the target factor𝑡𝑛𝑘. Based 

on the combination of the above discussed feature 

extraction algorithms, the useful and necessary shape 

features are extracted. The extracted features for 

shapes are labelled as circle, triangle, rectangle and 

diamond.  

 

Feature Extraction: 

  From the segmented sign portions, it is 

necessary to collect the features which helps to 

recognize the characters. There are four types of 

features extraction algorithms are used in order to 

provide an improved feature collection based on the 

shapes listed below.   

1. Circle – (Convoluted LtrP + HOG) 

2. Triangle – (Tamura features + Convoluted 

GLCM) 

3. Rectangle – (Statistical features +Convoluted 

LBP) 

4. Diamond – (Gray Cooccurence Matrix + LBP) 

 The following feature extraction algorithms are 

applied to the segmented sign portions for circular 

shape: 

 

i. Circle: 

 The combination of Histogram of Oriented 

Gradients (HOG) and Convoluted GLCM are used 

for triangle shape. 

 

Convoluted Local Tetra Patterns (CLTrP): 

 LTrP technique is applied on the convoluted 

images obtained on the Gabor filter. A Gabor filter 

can be visualized as a sinusoidal plane of a particular 

orientation and frequency, modulated by a Gaussian. 

A 2-D Gabor function h (x, y) and its Fourier 

transform H (u, v) are defined as  

 𝑥, 𝑦 =
1

2𝜋𝜎𝑥𝜎𝑦
exp  −

1

2
 
𝑥2

𝜎𝑥
2 +

𝑦2

𝜎𝑦
2 + 2𝜋𝑗𝐸𝑥       (5) 

 Here 𝑗 =  −1 and E denotes the frequency of 

the modulated sinusoid.  

𝐻 𝑢, 𝑣 = exp  −
1

2
[

(𝑢−𝐸)2

𝜎𝑢
2 +

𝑣2

𝜎𝑣
2]                       (6)  

 Where 𝜎𝑢 =
1

2𝜋𝜎𝑢
, 𝜎𝑣 =

1

2𝜋𝜎𝑣
. 

 A self-similar filter dictionary can be used by 

linked with a particular scale factor 𝛼 and a rotation 

parameter 𝜃 with the mother wavelet h (x, y). P and 

Q denotes the scales and orientations of the Gabor 

wavelets. 

𝑝𝑞 𝑥, 𝑦 = 𝛼 𝑥′, 𝑦′ , 0 ≤ 𝑝 ≤ 𝑃 − 1,0 ≤ 𝑞 ≤ 𝑄 − 1           

                       (7) 

𝑥′ = 𝛼−𝑝 𝑥 cos𝜃 + 𝑦 sin𝜃  
𝑦′ = 𝛼−𝑞 −𝑥 sin𝜃 + 𝑦 cos 𝜃  
 Where, 𝜃 = 𝑛𝜋/𝑆, and S denotes the total 

number of orientations. From these equations, the 

given text portion is transformed into convoluted 

images. Here, LTrP is applied on the convoluted 

images to collect the necessary features, so we called 

as CLTrP. 

 For the given image I, the first order derivatives 

along 0°, 45°, 𝑎𝑛𝑑 90°  directions are represented 

as 𝐼𝜃
1 (𝑑𝑝)|𝜃 = 0°, 45°, 90°. Let 𝑑𝑐 represent the 

center pixel in I, and let 𝑑 and 𝑑𝑣 represents the 

horizontal and vertical neighborhoods of 𝑑𝑐,  𝑑𝑑 

represents the diagonal neighborhoods of 𝑑𝑐. The 

first order derivative at the center pixel  𝑑𝑐 can be 

defined as follows: 

 𝐼0°
1  𝑛𝑐 = 𝐼 𝑑 −  𝐼 𝑑𝑐                   (8)

  𝑛𝑐 = 𝐼 𝑑𝑑 −  𝐼 𝑑𝑐             (9)        

𝐼90°
1  𝑛𝑐 = 𝐼 𝑑𝑣 −  𝐼 𝑑𝑐                   (10) 

 Moreover, the direction of the center pixel can 

be estimated as follows: 

𝐼𝐷𝑖𝑟
1  𝑑𝑐 =

  

1, 𝐼0°
1  𝑑𝑐 ≥ 0 𝑎𝑛𝑑 𝐼45°

1  𝑑𝑐 ≥ 0 𝑎𝑛𝑑 𝐼90°
1  𝑑𝑐 ≥ 0 

2, 𝐼0°
1  𝑑𝑐  < 0 𝑎𝑛𝑑 𝐼45°

1  𝑑𝑐 ≥ 0 𝑎𝑛𝑑 𝐼90°
1  𝑑𝑐 ≥ 0

 3, 𝐼0°
1  𝑑𝑐  < 0 𝑎𝑛𝑑 𝐼45°

1  𝑑𝑐 ≥ 0 𝑎𝑛𝑑 𝐼90°
1  𝑑𝑐 < 0

4, 𝐼0°
1  𝑑𝑐  ≥ 0 𝑎𝑛𝑑 𝐼45°

1  𝑑𝑐 ≥ 0 𝑎𝑛𝑑 𝐼90°
1  𝑑𝑐 < 0

5, 𝐼0°
1  𝑑𝑐 ≥ 0 𝑎𝑛𝑑 𝐼45°

1  𝑑𝑐 < 0 𝑎𝑛𝑑 𝐼90°
1  𝑑𝑐 ≥ 0

6,𝐼
0°
1  𝑑𝑐  <0 𝑎𝑛𝑑 𝐼

45°
1  𝑑𝑐 <0 𝑎𝑛𝑑 𝐼

90°
1  𝑑𝑐 ≥0

7,𝐼
0°
1  𝑑𝑐  <0 𝑎𝑛𝑑 𝐼

45°
1  𝑑𝑐 <0 𝑎𝑛𝑑 𝐼

90°
1  𝑑𝑐 <0

8,𝐼
0°
1  𝑑𝑐  ≥0 𝑎𝑛𝑑 𝐼

45°
1  𝑑𝑐 <0 𝑎𝑛𝑑 𝐼

90°
1  𝑑𝑐 <0  

               

                                                               (11) 

 From this equation, it is shown that the possible 

direction for each center pixel can be either 

1,2,3,4,5,6,7 or 8 and eventually the image is 

transferred into 8 directions. The second order 

𝐶𝐿𝑇𝑟𝑃2(𝑑𝑐) is defined as follows, 

𝐶𝐿𝑇𝑟𝑃2 𝑑𝑐 

=  
𝑓

8 
 𝐼𝐷𝑖𝑟

1  𝑑𝑐 , 𝐼𝐷𝑖𝑟
1  𝑑1  , 𝑓

8 
 𝐼𝐷𝑖𝑟

1  𝑑𝑐 , 𝐼𝐷𝑖𝑟
1  𝑑2  , …

𝑓
8 

 𝐼𝐷𝑖𝑟
1  𝑑𝑐 , 𝐼𝐷𝑖𝑟

1  𝑑𝑝    
  

| 𝑝 = 8                                                 (9)                                

𝑓
8 

 𝐼𝐷𝑖𝑟
1  𝑑𝑐 , 𝐼𝐷𝑖𝑟

1  𝑑𝑝  =   
0,𝐼𝐷𝑖𝑟

1  𝑑𝑐 = 𝐼𝐷𝑖𝑟
1  𝑑𝑝  

𝐼𝐷𝑖𝑟
1  𝑑𝑝 ,𝑒𝑙𝑠𝑒                        

  (12) 

 From eqn (9) and (10), 8-bit tetra pattern is 

retrieved for each center pixel. Then, all the patterns 

are separated into eight parts based on the direction 

of the center pixel. Finally, the tetra patterns for each 

direction are transformed into binary patterns. 

 

Histogram of Oriented Gradient (HOG): 

 When extracting the HOF features from the text 

portions, the orientations of gradients are generally 

quantized into histogram bins and every bin has an 

orientation range. An image is split into overlapping 

blocks and in each block a histogram of oriented 
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gradients subsiding into every bin is estimated and it 

is normalized to overcome the illumination variation. 

Then the features collected from the blocks are 

concatenated to formulate a feature descriptor of the 

whole text portions. The HOG based feature 

extraction has several advantages: 

 

It captures the text gradient or text edge structure 

which is very characteristic of local shape 

  It implements a local representation with an 

effortlessly controllable degree of variance to the 

photometric or local geometric transformations: 

rotations or translations create small variations if 

they are much smaller than the local orientation bin 

or spatial size. The  

 

ii. Triangle: 

 The combination of Tamura features and 

Convoluted GLCM are used for triangle shape.  

 

Tamura Feature Extraction: 

  The capturing of statistical properties using 

Tamura features are described in this section. The 

visual meaning full and easy interpreted textual 

concepts termed as Tamura features. There are 

various features are available. They are coarseness, 

contrast, directionality, regularity, roughness and 

line-likeness. 

 

a. Coarseness: 

 The size and number of features described by 

coarseness. They describes the variation between the 

small number of large primitives and large number of 

small primitives. Let the size of the image be𝑛 × 𝑛. 

The sum is calculated for every pixel (𝑎, 𝑏) in the 

image. The value k, which maximizes the differences 

of averages will be  

𝑡𝑐𝑟𝑠 =  
1

𝑛2
  2𝑘𝑛

𝑏 𝑝(𝑎, 𝑏)𝑛
𝑎           (13) 

 

Contrast: 

 The image quality in the narrow sense termed as 

contrast. The relation between the image standard 

deviation 𝜎, moment 𝜇 of image and contrast are 

related as  

𝑓
𝑐𝑡

=
𝜎

(𝜇4/ 𝜎4)1/4                   (14) 

 

b. Directionality: 

 The shape of texture primitives and placement 

rule describe the primitives refers to directionality. 

The directionality relation with local direction 

histogram within the range of pixel defined by, 

𝐷 = 1 − 𝑟.𝑛𝑝    𝜑 − 𝜑𝑝 
2
.𝐻𝐷(𝜑)𝜑∈𝑤𝑝

𝑛𝑝

𝑝     15) 

 

c. Line-likeness: 

  The shape of the texture primitives refers to line-

likeness.  The co-occurrence matrix and line-likeness 

are related as,  

𝑓
𝑙𝑙

=
  𝑃𝐷𝑑 𝑖,𝑗 𝑐𝑜𝑠 (𝑖−𝑗)

2𝜋

𝑛
 𝑛

𝑗
𝑛
𝑖

  𝑃𝐷𝑑 𝑖,𝑗 𝑛
𝑗

𝑛
𝑖

                             (16) 

 

d. Regularity: 

  The variations of the texture primitive placement 

refers to regularity of the image. The regularity is 

expressed with standard deviation 𝜎   as follows, 

𝑓
𝑅

= 1 − 𝑟(𝜎𝑐𝑟𝑠 + 𝜎𝑐𝑡 + 𝜎𝐷 + 𝜎𝑙𝑙)                      (17) 

 

Roughness: 

  The tactile variations of physical surface is 

denoted as roughness. The sum of coarseness and 

contrast termed as rough ness(R) 

𝑅 =  𝑡𝑐𝑟𝑠 + 𝑓𝑐𝑡                                 (18) 

 

Auto Correlation: 

 The auto correlation (AC) between the pixels are 

obtained from the sum of roughness (R) and 

regularity𝑓
𝑅
The regularity of the image considered 

as the probability distribution and the peaks of the 

real random variations represented by a descriptor 

kurtosis.  The kurtosis for coarseness, contrast, line-

likeness and directionality are computed and added 

together to obtain the regularity of the image with the 

value of normalizing factor of r = 0.025. 

𝐴𝐶 = 𝑅 + 𝑓𝑅 = 1 − 𝑟(𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠𝑐𝑟𝑠 + 𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠𝑐𝑡 +
𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠𝐷 + 𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠𝑙𝑙 )                     (19) 

 

Energy: 

  The measure of information under the 

probability framework estimation in Markov 

Random Fields (MRV) is termed as energy. The 

energy of an image represented as follows: 

𝐸 = 𝑚𝑒𝑎𝑛 (𝐼2)                         (20) 

 

Entropy: 

  The entropy is also one of the Tamura features 

in sign name recognition process. The entropy of an 

image histogram defined as, 

𝐻 =  − 𝑝𝑖  . log 𝑝𝑖 
𝐿−1
𝑖=0            (21)          

 

Convoluted GLCM: 

  The variations in the intensity of pixel are 

estimated using Gray Level Co-occurrence matrices. 

Initially, a particular angle is used to separate the 

pairwise spatial co-occurrences of pixels. Then, the 

scalar quantities characterize the different aspects of 

texture are computed by GLCM. A matrix 

distribution to the co-occurrence distribution is given 

by 

𝐶∆𝑖,∆𝑗
 𝑥, 𝑦 

=     
1   𝑖𝑓 𝐼 𝑎, 𝑏 = 𝑥 𝑎𝑛𝑑 𝐼 𝑎 + ∆𝑖, 𝑏 + ∆𝑗 = 𝑦

0                                                           𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒
 

𝑄

𝑏=1

𝑃

𝑎=1

 

                     (22)  

  Here x and y represents the image intensity 

values and a and b represents the spatial positions 

and the offset values are denoted as∆𝑖 ,∆𝑗 . The 

rotational variance achieved by sweeping of offset 
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values to 180 degree in the ranges (0, 45, 90, 135, 

and 180).  

 

iii. Rectangle: 

  The completed Local Binary Pattern (CLBP) 

based statistical feature extractions are performed for 

triangular shapes. 

 

Completed Local Binary Pattern (CLBP): 

  The center pixel g_cand the P number of 

circularly and evenly spaced neighbors are 

represented asg_p.  The local difference between the 

g_c and g_p are computed for each pixel values. The 

difference describe the local structure ofg_c. The 

sign and magnitude of local distance descriptors are 

extracted by using the Local Difference Sign 

Magnitude Transform (LDSMT).  

𝑑𝑝 = 𝑠𝑝 ∗ 𝑚𝑝 =   
𝑠𝑝 = 𝑠𝑖𝑔𝑛  𝑑𝑝 

𝑚𝑝 =   𝑑𝑝 
        (23) 

  The CLBP sign, magnitude and gray operator for 

total number of pixels and radius of pixels to code 

the sign, magnitude and gray level is calculated as 

follows: 

𝐶𝐿𝐵𝑃_𝑆𝑃,𝑅 =  𝑠𝑑𝑝. 2𝑝, 𝑠 𝑥 =  
1, 𝑥 ≥ 0

0,         𝑥 < 0
 𝑃−1

𝑝=0         

                      (24) 

𝐶𝐿𝐵𝑃_𝑀𝑃,𝑅 =  𝑡(𝑚𝑝, 𝑐)2𝑝 𝑡(𝑥, 𝑐) =𝑃−1
𝑝=0

1,  𝑥≥𝑐0,         𝑥<𝑐                 (25) 

𝐶𝐿𝐵𝑃_𝐶𝑃,𝑅 = 𝑡(𝑔
𝑐
, 𝑐𝐼)                        (26) 

 

The algorithm of CLBP is shown as follows: 

Algorithm: CLBP 

Inputs: Image in gray level (C) 

Output: CLBP Histogram 

Compute the local difference between center and 

neighbor pixel  

Decompose the difference vector into sign and 

magnitude components according to (20) 

Compute the CLBP_S to code the Sign (s) using (21) 

Compute the CLBP_M to code the magnitude (M) 

using (22) 

Compute the CLBP_C to code the gray level (C) 

using (23) 

Compute the CLBP map for CLBP_S, CLBP_M and 

CLBP_C 

Build Histogram 

Exit 

 

iv. Diamond: 

  The Local Binary Pattern (LBP) on the statistical 

features such as color and occurrence histogram are 

performed in diamond based feature extraction.  

 

 

 

 

Local Binary Pattern (LBP): 

  The LBP implemented on images in sequential 

processes. Initially, the window of traffic sign image 

is divided into cells. Then, the comparison of each 

pixel into the 8 neighbors. The result is one if the 

value of center pixel value is greater than the 

neighbor value otherwise it is zero. The histogram of 

each cell is calculated and then it is normalized. 

Finally, the feature vector window is obtained from 

the normalized value. The LBP is a descriptor, which 

encodes the differences of grey scale between the 

image sub regions. The use of integral images 

increases the speed of an operation. LBP uses 

Adaboost algorithm that combines the weak 

classifiers h_j (x) into strong classifiers h(x).  The 

threshold θ_j and parity p_j values of the weak 

feature classifiers related 

 as,𝑗 𝑥 =   
1  𝑖𝑓 𝑝

𝑗
𝑓
𝑗
 𝑥 ≥ 𝑝

𝑗
𝜃𝑗

0              𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒
                                                           

`                     (27) 

  The final detector that cascades the strong 

classifier features obtained by training of weak 

classifiers.  

 

Sign Name recognition: 

 The novel distance based RVM approach is 

applied to the optimal features collected from the 

previous feature selection process. Here, the standard 

RVM approach is incorporated with the Euclidean 

distance measure. The Euclidean distance is 

calculated for the optimal features collected for the 

testing images and it is matched with the training 

images stored in the database. It helps to measure the 

matching relevancy for the features of the given 

image with the character stored in the database. Let 

Ai, Aj, i,j=1,2..,MN are pixels. The pixel distance 

can be written as |Ai – Aj|, which is the distance 

among Ai and Aj on the image lattice. The Euclidean 

distance can be described as follows: 

𝜗𝐸
2 𝑥, 𝑦 =   𝑧𝑖𝑗  𝑥

𝑖 − 𝑦𝑖  𝑥 𝑗 − 𝑦𝑗  =𝑀𝑁
𝑖 ,𝑗=1

𝑥−𝑦𝑇𝑍(𝑥−𝑦)                     (28) 

 Here the symmetric matrix 𝑍 = (𝑧𝑖𝑗 )
𝑀𝑁  𝑋 𝑀𝑁

is 

referred as metric matrix. 

 Consider the training data is T = {(bi,cj)|bi ∈ 𝑅𝑖
𝑏, 

cj ∈ (1,2..,k)} 
  The mathematical model used to do multi-class 

classification is described as follows, 

𝑐𝑖 = 𝑍𝑇 ×  𝜑  𝑑𝑡                                                           (29)  

𝑐𝑖 = 𝜑 𝑏𝑖,𝑍 + 𝜀𝑛                        (30)                                                                                                                                              

 The resultant probabilistic classification is based 

on the distribution of the character instance bi given 

as 

𝑃  
𝑐𝑖

𝑍
,𝜎2 = (2𝜋𝜎2)

𝑁
2 exp  

1

2
𝜎2 × (𝑐𝑖 − 𝜑(𝑍)2    

                   (31)             

 The labels and recognized form are listed in 

table I.  
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Table I: Image Database. 

S. No Images Label 
Recognized Sign name based 

on Label 

1 

 

Label 1 No Horn 

2 

 

Label 2 School Zone 

3 

 

Label 3 Pedestrian Lines 

499 

 

Label 498 Landside ahead 

500 

 

Label 500 Speed Breaker 

 

 Based on the distance with the RVM 

classification the recognized output are matched with 

the 500 labels assigning to the images stored in 

database. The recognized name is given to the speech 

module for audio output.  

 

Audio Output: 

 The conversion of text to sound is necessary 

process in the speech module. The rule based 

transcription systems used in the proposed system 

transfer the phonological competence to the speech 

module rules. The rule based strategy stores the 

pronunciation of words in the exception dictionary. 

The prosody features such as loudness, syllable 

length and pitch are used to create the segmentation 

to show the relationship between these features. The 

temporal sequences of characters collected at the 

speech analyzer stored in the parametric database.  

 The amplitude mismatches between the 

segments are eliminated by modifying the energy 

levels in the equalization process. The digital 

recording of corpus is carried out and the elected 

segments are located with the help of signal 

visualization tool such as speech synthesizer. The 

prosody module in the synthesizer checks the 

segment database for actual parameters. Then, the 

dynamic matching is performed by using the segment 

concatenation block. Hence, the smoothing of 

discontinuities are carried out to model the speech. 

 

Performance Analysis: 

 In this section, the performance of the proposed 

method is evaluated and compared with the 

traditional Local Binary Pattern (LBP) based feature 

on recognition rate. The recognition rate computed 

for each experiment by following equation 

Recognition rate = 
𝑛𝑚

𝑛𝑡
                                            (31) 

 The recognition rate for various shape images 

are listed in table II. 

 The performance measure is compared for set of 

feature extraction techniques such 

as𝐿𝐵𝑃𝑢2, 𝐿𝐵𝑃𝑟𝑖𝑢2, 𝑐𝑜𝑙𝑜𝑟 +

𝐿𝐵𝑃𝑟𝑖𝑢2,𝐺𝑙𝑜𝑏𝑎𝑙 𝐿𝐵𝑃𝑟𝑖𝑢2, 𝑐𝑜𝑙𝑜𝑟 + 𝐺𝑙𝑜𝑏𝑎𝑙 𝐿𝐵𝑃𝑟𝑖𝑢2, 
LOEMP, color+LOEMP, Global LOEMP, 

color+Global LOEMP with the proposed diverse 

feature extraction recognition scheme shown in table 

III. 

 Fig. 7 describes the comparative analysis 

between various feature extraction methods on 

author’s datasets and confirms the effectiveness by 

providing maximum recognition rate of 98.1475 %. 

The comparative analysis between proposed method 

with various traffic regions (64 X 64 and 32 X 32), 

two sets of HOG, LOEMP and color histogram is 

shown in table IV. 

 Fig. 8 describes the comparative analysis 

between various feature extraction methods on 

GTSRB dataset and confirms the effectiveness by 

providing maximum recognition rate of 98.0125 %. 
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TABLE II: Recognition Rate. 

Shapes Recognition rate (%) 

Circle 98.15 

Triangle 98.09 

Rectangle 98.10 

Diamond 98.25 

      
Table III: Comparative Analysis on Author’s Data Set. 

Feature Extraction Methods Recognition rate (%) 

𝐿𝐵𝑃𝑢2 80.2361 

𝐿𝐵𝑃𝑟𝑖𝑢2 67.0769 

𝑐𝑜𝑙𝑜𝑟 + 𝐿𝐵𝑃𝑟𝑖𝑢2 75.1989 

𝐺𝑙𝑜𝑏𝑎𝑙 𝐿𝐵𝑃𝑟𝑖𝑢2 90.5495 

𝑐𝑜𝑙𝑜𝑟 + 𝐺𝑙𝑜𝑏𝑎𝑙 𝐿𝐵𝑃𝑟𝑖𝑢2 90.9846 

LOEMP 88.3654 

color+LOEMP 91.8022 

Global LOEMP 97.2174 

color+Global LOEMP 97.2375 

Diverse Feature Extraction (Proposed) 98.1475 

                                               

 
 

Fig. 7: Comparative analysis on author’s dataset. 

 
Table IV: Comparative Analysis on GTSRB dataset. 

Experiments Recognition rate 

64 X 64 pixels image 85.6372 

32 X 32 pixels image 85.8461 

HOG (set 1) 93.0119 

HOG (set 2) 95.4212 

Color histogram 32.5471 

Color+Global LOEMP 97.2581 

Diverse Feature Extraction 98.0125 

 

 
 

Fig. 8: Comparative analysis with GTSRB dataset. 

 

Conclusion: 

 A fast traffic sign recognition systems discussed 

in this paper significantly increased the safety of 

driver. In this paper, diverse shape feature extraction 

is proposed. The factors affecting the recognition 

such as variations of shape and size discussed. In our 

proposed method, the edge based clustering detection 

predicted the sign name regions from the 

preprocessed image. The shape classification 

performed on the image. The shapes of the image 

such as circle, triangle, square, diamond is classified 

using Relevance Vector Machine (RVM) and feature 

extraction process extracted the sign name regions 

from different shapes of images. Finally, the distance 

based RVM classifier recognized the predicted sign 

name from the images. The recognized sign name 
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converted into audio output by the speech module. 

The experimental results showed the accurate 

classification compared to state of art algorithms on 

traffic signs from complex background images. The 

performance analysis on recognition rate with 

various feature extraction methods on author dataset 

and GTSRB dataset showed the effectiveness of 

proposed method with maximum value.  
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