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Abstract 
 

Automated applications are always welcome by the technical community and 

it encompasses different applications. Though there are numerous automated 

applications, the applications concerning traffic signage are scarce. As the 

traffic signage boards are placed on roads, they get fade or damage over time 

and suffer from environmental weather conditions such as snowfall, rainfall, 

high temperature and so on. Taking these challenges into account, this work 

presents an automated traffic signage detection and recognition system. The 

goal of this work is attained by decomposing the work into four phases such 

as pre-processing, area of interest, Pseudo-Zernike Moment (PZM) 

extraction and Kernelized Extreme Learning Machine (KELM) 

classification. The performance of the work is analysed in terms of 

recognition accuracy, precision, recall, F-measure and time consumption. 

The performance of work is tested over two publicly available datasets. The 

proposed approach proves better results with minimal time consumption 

rates. 

 

Keywords: Traffic signage recognition, automated signage detection, AoI 

extraction, KELM. 
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1 Introduction 
 
 The advanced digital imaging technology encourages the concept of 

automation, which paves way for numerous real-time applications. As digital 

images are widely utilized in all the domains such as healthcare, remote 

sensing, environmental monitoring, object detection, recognition, tracking 

and several other applications, automated analysis over digital images is 

greatly encouraged. For instance, automated analysis is widely applied in 

healthcare domain for disease diagnosis and abnormality detection. 

Similarly, object detection and recognition is a wide area of research that 

promotes automated analysis by identifying the class of object automatically. 

Hence, this system is suitable for several applications such as wildlife 

monitoring, surveillance based applications, vehicle monitoring, agricultural 

applications and so on [1].  

 Object recognition has gained great research interest, as it influences 

most of the computer vision based applications [2]. The objects exist in an 

image can be recognized upon successful detection of objects. The purpose 

of object recognition system is to detect and identify the classes of objects in 

the image. However, it is highly challenging to detect and recognize the 

objects, owing to numerous reasons such as lighting, orientation, position 

and so on. In order to categorize the objects under specific classes, effective 

training is required. 

 The object detection and recognition system must be given sufficient 

knowledge, such that reasonable recognition accuracy rates can be attained 

[3]. As in most of the cases, the object detection and recognition systems are 

clubbed with surveillance based applications, recognition accuracy is the 

major concern. The recognition accuracy of the system can be enhanced by 

effective feature extraction and object discrimination. The feature set must be 

optimal and discriminative for classifying between the objects. 

 This article intends to present an automated traffic signage detection and 

recognition system, in order to manage the rapidly increasing traffic 

effectively. The traffic signs warn or alert the drivers and pedestrians with 

respect to present state of the road, direct the drivers by passing useful 

information. The traffic signs are pictorial representations of the message to 

be communicated with the drivers. However in certain cases, the drivers 

cannot grasp the traffic signs immediately, owing to adverse environmental 

or weather condition and other physiological conditions such as tiredness, 

speed drive and so on.   

 The automated traffic signage detection and recognition system solves 

the above stated issue by detecting the signage whenever possible and 

recognizes it as well. However, the major challenges faced by this 

application are the achromatic signage, poor weather condition, poor 

lighting, and occlusion and so on. The automated system must be able to 

extract, detect and recognize the signage in spite of one or more of these 

challenges. The proposed automated traffic signage detection and recognition 

system relies on four significant  

8596



                                                                                                                  
 

 
 

 

 

 

Automated Traffic Signal Detection and Recognition System Based On Pseudo-

Zernike Moments and KELM for Sustainable Development 8597 

 

stages, such as pre-processing, Area of Interest (AoI) extraction, feature 

extraction and signage recognition. The pre-processing stage prepares the 

traffic signage image in a proper format and the area to be processed alone is 

extracted in the second stage. The pseudo-zernike moment features are 

extracted in the third stage and the fourth stage incorporates kernelized 

Extreme Learning Machine (KELM), which applies the gained knowledge 

for recognizing the traffic signage. The highlighting points of this work are 

as follows. 

 The traffic signage detection and recognition system works better even in 

poor lighting and illumination condition. 

 The incorporation of KELM results in reduced training time and the 

performance is enhanced. 

 The recognition accuracy of the proposed work is reasonable with better 

precision and recall rates, while showing minimal time consumption. 

 The remaining portion of this article is organized in the following way. 

The related review of literature is discussed in section 2 and the proposed 

automated traffic signage detection and recognition system is discussed in 

section 3. The performance of the proposed work is evaluated in section 4 

and the conclusions of the work are presented in section 5. 

 

2 Review of Literature 
  

 This section studies and discusses the related works with respect to 

traffic sign detection and recognition systems. 

 A traffic sign recognition system that considers both symbol and text 

based signs is presented in [4]. This work is based on three stages such as 

Region of Interest (RoI) extraction, RoI refinement, classification and post-

processing. The RoIs of the image are extracted with the help of stable 

extreme regions on gray and RGB colour channels. The RoIs are refined and 

the classes are allotted by multi-task Convolutional Neural Network (CNN). 

The post-processing stage declares the final result. 

 In [5], a traffic sign recognition framework considers multi-class traffic 

signs and this framework is based on RoI extraction and classification. The 

RoI extraction is performed by considering the contrast information of the 

image and the classification is done by Extended Sparse Representation 

(ESR). In [6], a real-time traffic sign recognition system is presented. This 

work localizes the traffic sign in quick mode and the image is processed by 

colour probability model and colour Histogram of Gradients (HoG) features. 

The classification is attained CNN and the work is carried out for German 

and Chinese roads. 

 A metric-learning based template matching approach is presented for 

traffic sign recognition system in [7]. The metric computes the distance 

between the acquired image and the sign template. The traffic sign is  
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recognized with the help of soft voting and the classification is performed by 

latent structural Support Vector Machine (SVM). This work is tested over 

two public datasets and the results are compared with existing approaches. In 

[8], an automatic text detection and recognition system is presented for 

traffic signs. Numerous candidates are generated by Hue, Saturation, Value 

color thresholding techniques. The candidates are reduced by temporal and 

structural information. The individual characters are identified and formed as 

lines, followed by which the characters are recognized by Optical Character 

Recognition (OCR). 

 In [9], a traffic sign classification technique based on HoG and distance 

transform is proposed. Multiple classifiers such as k-d trees, random forest 

and Support Vector Machine (SVM) are employed and the performance is 

analysed. The feature selection is carried out with the help of fisher‟s 

criterion and random forest. The German traffic signs are utilized by this 

work to analyse the performance of the system. An embedded traffic sign 

recognition system is presented on the basis of deep CNN in [10] and is 

named as MicronNet. The MicronNet is developed by considering 

macroarchitecture and numerical microarchitecture principles.  

 In [11], the traffic signs of United States are detected and the 

experiments are carried out by improving the existing dataset called LISA-

TS traffic sign. A traffic sign detection system that can guess the location and 

boundary of traffic signs is presented in [12]. This work is based on CNN 

and the class prediction is done over two dimensional pose and shape. The 

detection recognition accuracy rate of this work is proven to be better. In 

[13], a traffic sign recognition system is presented by employing Hinge Loss 

Stochastic Gradient Descent (HLSGD) method for training the CNN. The 

performance of this work is analysed over German traffic dataset. 

 A traffic sign detection system based on colour global and Local 

Oriented Edge Magnitude Patterns (LOEMP) is discussed in [14]. This work 

considers the colour and shape information of the image, both in local and 

global aspects. As both global and local features are considered, the detection 

accuracy is better even for rotated or damaged images. In [15], a real-time 

embedded traffic sign recognition system based on CNN is presented. This 

work performs multiscale operation and data mining concepts for better 

recognition of signs. 

 In [16], a classification system is presented for the sake of degraded 

traffic signs by employing flexible mixture model and transfer learning. 

Gaussian Mixture Model (GMM) based split and merge technique is 

employed for locating the traffic sign. The sign is recognized by employing 

multiscale CNN. A traffic sign recognition system is presented by employing 

multimodal tree structure and embedded multi-task learning in [17]. The tree 

structure is meant for choosing the distinct visual features in „between‟ and 

„within‟ aspects. The hierarchical relationship between the classifiable 

entities is represented in tree format. 
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 In [18], a traffic sign recognition approach is presented on the basis of 

two deep learning entities. Initially, the traffic sign areas extracted by fully 

convolutional network and the text being present are detected by fast neural 

network. This work claims that multi-scale issue is solved by processing the 

text part also. However, this work is computationally expensive. In [19], a 

traffic sign detection technique that considers both the temporal and spatial 

relationship is presented. Initially, the global threshold value is computed by 

considering the correlational property in the image. The segmentation 

algorithm is developed, which relies on threshold and morphological 

operations. The classification is performed by   k-Nearest Neighbour (k-NN) 

and SVM classifiers. 

 In [20], a traffic sign recognition system is presented on the basis of R-

CNN and mobilenet. The traffic signs are detected by considering the colour 

and shape information. The classification is performed by CNN with 

asymmetric kernels and the performance of the work is evaluated. In [21], an 

object detection and recognition system is presented on the basis of point of 

interest selection and SVM classification. In [22], an Extreme Learning 

Machine (ELM) classifier being trained by contourlet and Global Local 

Vector Pattern (GLVP) is utilized for detecting objects in digital images. 

 Inspired by these works, this article attempts to present a traffic signage 

detection and recognition system, so as to improve the quality of intelligent 

transport. The following section elaborates the proposed automated traffic 

signage detection system. 

 

3 Proposed Automated Traffic Signage Detection and 
Recognition System 
 
 Traffic or road signage plays an important role in assisting the drivers 

and pedestrians, such that road safety is ensured. For instance, the speed 

limit, the curve indication, bridge indication are presented on the road sides 

for improving the quality of transport. Realizing the importance of traffic 

signage recognition along with the challenges, this work attempts to present 

an automated traffic signage recognition system that relies on four key 

phases such as pre-processing, AoI extraction, feature extraction and 

recognition. All the phases are explained in the following subsections and the 

flow diagram of the work is presented in figure 1. The algorithm is presented 

as follows. 
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Proposed automated traffic signage detection and recognition 

system 

Input : Digital images 

Output : Traffic signage recognition 

Begin 

For the input image 

  Remove noise by Adaptive median filter; 

  Enhance R and B channels by eqns. (1,2); 

  A= Gaussian filtered image; 

  B = Adaptive median filter applied image; 

  AoI=A-B; 

  Extract PZM features from the image; 

  Classify by KELM; 

End for; 

End; 
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Figure 1 Complete flow of the proposed traffic signage recognition system 

 

3.1 Pre-processing 
 

 Usually, the traffic signage boards are presented in eye-catching colours, 

so as to grab the attention of the travellers. Red and blue are the most 

prominently used colours in traffic signage boards. The images are 

influenced by weather conditions, lighting and so on, which complicates the 

process of AoI. The pre-processing stage is meant for making the AoI 

process simpler. The pre-processing step involves noise removal and contrast 

normalization. Initially, the input image is decomposed into three channels 

such as Red, Green and Blue (RGB). The noise removal is carried out in all 

the three channels by employing adaptive median filter. The main reason for 

the choice of adaptive median filter is that it conserves the edge information 

of the image, which is very important for traffic sign image. The sample R, B 

channels extracted from the input image are shown in figure 2.      

   

 
 

Input Image

Segregate the image into R,G,B components

Enhance R and B Components

Extract AoI

Extract PZM

Compute feature vector 

and compare with feature 

database

Recognize traffic signage
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Figure 2 Sample pre-processing phase of an input image 

 

 The adaptive median filter works by matching the processing pixel with 

the neighbour pixels for detecting the noisy pixel. Suppose when the value of 

processing pixel is unrelated with the neighbour pixels, then the value is 

modified with the median value of neighbour pixels. The window size is not 

static in the case of adaptive median filter. By this way, the image is 

denoised and the image contrast is enhanced as follows. The red and blue 

channels are enhanced for better discrimination. 

  (   )     (  
( (   )  (   )  (   )  (   ))

 (   )  (   )  (   )
)   (1)                                                                   

  (   )     (  
( (   )  (   )  (   )  (   ))

 (   )  (   )  (   )
)     (2)                                                                 

 In the above equations,   (   )   (   ) are the enhanced red and blue 

channels.   (   )  (   )  (   ) are the red, green and blue pixels 

respectively. Hence, the image is suitable for extracting the area of interest 

and is discussed in the following section. 

 

3.2 AoI Extraction from Traffic Signage Image 
 

 This work extracts the AoI by performing two important operations. The 

AoI extraction process relies on Gaussian filter and the previously applied 

adaptive median filter. When the Gaussian curve is focused, the centre 

portion is observed with more weights compared to the end parts. The 

Gaussian filter is represented by the following equation. 
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In the above equation,    is the standard deviation. Sample AoI extracted 

images are shown in figure 3.  

 

     
 (a) (b) 

Figure 3 Sample AoI extracted images 

 

 The outputs of both Gaussian and adaptive median filter are considered. 

The adaptive median filtered image is subtracted from the Gaussian filtered 

image, such that the varied edges appear clearly and then image is converted 

to binary format. Hence, the AoI is extracted from the image and this idea 

performs well for the faded images as well. The features are then extracted 

from the AoI, as described in the following section. 

 

3.3 Pseudo-Zernike Moment (PZM) based Feature Extraction 
 

 The PZM are popular for its power of discrimination [23, 24] and they 

are noise resistant with orthogonal moments. Consider an image intensity 

function  (   ), for which the two dimensional PZM with   order and 

  recurrence are denoted by the following equation (4). 

      ( (   ))  
   

 
∬            

 (   ) (   )         (4)                                                  

In equation (4),   involves values between 0 and  ,   can be positive or 

negative but it should satisfy the condition       and the     upon   

denotes the complex conjugate. The PZM polynomials are presented by 

equation 5. 

    (   )       (  ) 
               (5)                                                                                                         

where, „  ‟ denotes the vector distance between the image pixels, which is 

denoted by the following equation 6 and the angle  . The „ ‟ is the angle 

between    and   axis, where        (
 

 
). 

    √                                 (6)                                                                                            

The radial polynomial       (  ) is represented as 

      (  )  ∑ (  ) 
(      ) 

  (       ) (         ) 
   (   )

     
              (7)                                                  

In the above equation,        (  )        (  ) 
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Hence, the PZM are calculated over the pixel coordinates of the 

image. At first, the pixel coordinates are normalized by applying linear 

mapping transformation and the centroid pixel is the processing pixel to 

which the neighbourhood pixels are linked. The classic PZM considers the 

    image, such that the pixels present outside the unit circle are 

eliminated from moment calculation, which leads to information loss. The 

proposed work considers the complete     image in a unit circle and the 

linear mapping transformation is performed by the following equation. 

    
√ 

 
 

√ 

   
           (   )              (8)                                                                        

   
√ 

 
 

√ 

   
           (   )                   (9)                                                                               

The PZMs of the image is computed by the following equation. 

      ( (     ))  
(   )

  ( )
∑ ∑     

 (     ) (     )
   
   

   
      (10)                                            

 In the above equation,  ( ) denotes the total number of pixels in the AoI 

before carrying out the normalization and the total normalized image. The 

normalization factor is computed as follows. 

 ( )  
  

 
               (11)                                                                                                                

The following equation 12 forms the feature vector as follows. 

       ( (     ))  *|      
 ( (     ))|         

        

       }           (12)                 

 Hence, the feature vector is formed and is employed for training the 

KELM classifier for distinguishing between the traffic signage. The KELM 

classifier is presented in the following section. 

 
3.4 KELM based Classification 
 

 KELM classifier is an improvisation of ELM classifier, as presented in 

[25]. The ELM classifier is based on static hidden layer and the KELM 

imposes Mercer‟s condition on ELM[26]. The KELM must satisfy the 

mercer‟s condition, as in equation 13. 

                  (13)                                                                                                                 

Here, „H‟ represents the output hidden layer matrix and „T‟ is the transpose 

of matrix. The output function of KELM is denoted by the following 

equation. 

 ( )  [ (    )   (    )] (
 

 
   )

  
              (14)                                                           

 In the above equation,  (    ) represents the kernel function of hidden 

neurons in a Single Layer Feed-Forward Neural Networks (SLFN) and the 

Mercer‟s condition is presented in the following equation. 
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∬ ( ) (   ) ( )                   (15)                                                                                  

 The ELM can involve any of the five different types of kernels such as 

linear, polynomial, Gaussian, hyperbolic, wavelet and RBF kernels. This 

work employs RBF kernel, as it performs better than the others and is 

represented in equation 16. 

 (   )     ( 
|     |

 

   
)                   (16)                                                                                          

 KELM performs better than ELM, as the hidden layer feature mapping is 

not required and the hidden neurons need not be chosen. Some of the sample 

traffic signage detection and recognition results are shown in figure 4.  
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             (b1)                               (c)                                  (c1) 

 

 

 

 

 

 

 

 

 



                                                                                                                  
 

 

8606 R.Bhuvaneswari et al  

               
(d)                                   (d1)                 (e) 

 

           (e1)                                   (f)                 (f1) 

  

                (g)                                   (g1)                        (h) 

 

(h1) 

Figure 4 Sample traffic signage detection results (a-h) input images (a1-h1) traffic 

signage detected images 

            The sample traffic signage detection results are shown in figure 4. 

However, the purpose of recognition system is not complete, unless it 

recognizes the detected signage. The recognition accuracy depends on the 

detection and the proposed work detects the signage better, even in sunny,  
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natural light, shadow, misty scenarios. As the detection is better, the 

recognition can be made better and the sample recognition results are shown 

in figure 5, as follows. 

   
    (a) (b) 

   
 

       (c)   (d) 
Figure 5 Sample images of correctly recognized images 

 

Figure 5 shows the correctly recognized images of the proposed system and 

the performance of the proposed work is evaluated in the following section. 

 

4 Results and Discussion 
 

 The performance of the proposed automated traffic signage detection and 

recognition system is evaluated in terms of accuracy ( ), precision ( ), 
recall ( ), F-measure ( ) and error rates ( ). The results attained by the 

proposed work are compared by varying the classification techniques and the 

existing approaches. The experimentation is carried out on a stand-alone 

computer with configuration of 8 GB RAM,     processor and Matlab 2016B 

is utilized for simulation.  

 The work efficiency of the proposed work is tested over two standard 

datasets such as German Traffic Sign Recognition Benchmark (GTSRB) and  
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Belgium Traffic Sign Classification benchmark (BTSC) with the total images 

of 51,839 and 7125. Both these datasets possess images with single traffic 

signage. The images present in the databases differ with respect to lighting, 

rotation and so on. The GTSRB dataset provides 43 classes and the train, test 

images are 39,209 and 12,630 respectively. The BTSC dataset encloses 62 

classes with 4591 train images. The formulae for computing the performance 

metrics are presented as follows.  

  
  

     
                                                                                                                              

(17)      

  
  

     
                                                                                                                             

(18)               

  
 (   )

   
                                                                                                                             

(19)             

  
     

           
                                                                                                                  

(20)          

                                                                                                                                
(21)                

 In the above equations, TP, TN, FP and FN stand for True Positive, True 

Negative, False Positive and False Negative rates. The sample images from 

the datasets are presented as follows.  

 

       
                      (a)                          (b)                      (c)                             (d) 

       
         (e)     (f)      (g)  (h)  

       
                  (i)  (j)      (k)                  (l) 
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  (m) (n)                  (o)  (p) 

 
Figure 6 Sample images from (a-h) GTSRB dataset (i-p) BTSC dataset 

 

 The performance of the proposed work is evaluated by varying the 

moments for feature extraction process, classification techniques and existing 

approaches such as CNN [4], tree classifier [9], traffic sign recognition [19].  

 
4.1 Analysis by Varying the Moments for Feature Extraction 

 

 Feature extraction is the main process that determines the efficiency of 

the traffic signage detection and recognition system. The effectiveness of the 

feature extraction influences the recognition ability of the system. The 

proposed work employs pseudo-zernike moments for extracting features 

from the AoI and the comparable moments such as Legendre and zernike 

moments are also utilized for feature extraction. The performances of the 

moments are then compared in terms of accuracy, precision, recall, F-

measure and error rates. 
Table 1 Performance analysis w.r.t feature extraction techniques 

 
Datasets GTSRB BTSC 

Techniques/ 

Performance 

Metrics 

Legendre Zernike PZM Legendre Zernike PZM 

Accuracy 

(%) 

89 94 98 87 96 97 

Error Rate 11 6 2 13 4 3 

Precision 

(%) 

86.9 90.84 97.8 88.95 91.8 98.2 

Recall (%) 82.64 88.4 95.4 83.76 87.7 95.6 

F-Measure 

(%) 

84.71 89.6 96.58 86.27 89.7 96.88 

Time to 

recognize 

(s) 

2.48 1.6 1.03 1.9 1.3 1.2 
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 The performances of the feature extraction techniques are tested by 

varying the moments and the results are presented in table 1. From the 

results, it is evident that the PZM performs better than other moments. The 

main reasons for the attainment of better results are orthogonal property with 

minimal redundancy, better description ability, better global and local 

information representation of the images. The time consumption to recognize 

the traffic signage is also minimal. The following section varies the 

classification techniques and the performance is analysed. 

 
4.2 Performance by Varying Classification Techniques 
 

 The efficiency of classification relies on the training process and the 

learning capability of the classifier. The classifiers being considered for 

comparison are SVM, RVM and ELM with different kernels such as 

polynomial, sigmoidal, RBF and wavelet. The experimental results are 

shown in figure 7. 
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(e) 

 
(f) 

Figure7 (a) Accuracy rate analysis (b) Error rate analysis (c) Precision rate analysis 

(d) Recall rate analysis (e) F-measure rate analysis (f) Time consumption rate 

analysis 

 From the experimental results, the performance of the KELM is 

proven and this work utilizes RBF kernel, owing to its better performance. 

Besides, the execution time of KELM is quite minimal and the average 

training period is two hours and the maximum training time is consumed by 

SVM with 12 hours. The following section compares the proposed work with 

the existing approaches and the results are presented. 

 
4.3 Performance Comparison with Existing Approaches 
 

 The performance of the proposed traffic signage detection and 

recognition system is compared with the existing approaches such as CNN 

[4], tree classifier [9], traffic sign recognition [19] and the experimental 

results are presented in the following table 2. 

 

 
 

88

89

90

91

92

93

94

95

96

97

98

RVM SVM ELM with
Polynomial

Kernel

ELM with
Sigmoidal

Kernel

ELM with
Wavelet
Kernel

ELM with
RBF Kernel

F-
m

e
as

u
re

 R
at

e
 (

%
) 

Classification Techniques 

GTSRB

0

0.5

1

1.5

2

2.5

RVM SVM ELM with
Polynomial

Kernel

ELM with
Sigmoidal

Kernel

ELM with
Wavelet
Kernel

ELM with
RBF Kernel

Ti
m

e
 C

o
n

su
m

p
ti

o
n

 (
s)

 

Classification Techniques 

GTSRB



                                                                                                                  
 

 

Automated Traffic Signal Detection and Recognition System Based On Pseudo-

Zernike Moments and KELM for Sustainable Development 8613 

 
Table 2 Performance results with existing approaches 

 
Datasets GTSRB  BTSC  

Techniqu

es/ 

Performa

nce 

Metrics 

CN

N 

[4] 

Tree 

Classif

ier [9] 

Traffic 

sign 

recogniti

on [19] 

Propos

ed 

CN

N 

[4] 

Tree 

Classif

ier [9] 

Traffic 

sign 

recogniti

on [19] 

Propos

ed 

Accuracy 

(%) 

96.9 96.4 97.3 98 94.8 95.6 96.1 97 

Error 

Rate 

3.1 3.6 2.7 2 5.2 4.4 3.9 3 

Precision 

(%) 

94.6 95.9 96.5 97.8 96.3 96.8 97.1 98.2 

Recall 

(%) 

92.4 93.1 93.4 95.4 91.4 92.7 94.8 95.6 

F-

Measure 

(%) 

93.4

8 

94.47 94.92 96.58 93.7

8 

94.7 95.93 96.88 

Time to 

recognize 

(s) 

2.1 1.9 1.6 1.03 2.8 2.4 1.8 1.2 

 

          From the experimental results, the performance of the proposed work 

is proven with minimal time consumption. Though the results attained by the 

works are more or less same, the training time required for the existing 

approaches are quite longer. For instance, the training time of CNN [4] is 19 

hours and the proposed work requires two hours only. Hence, the 

performance of the proposed work is evident through the experimental 

results and performs better in recognizing the traffic signage. The 

conclusions of this work are summarized as follows.  

 

5 Conclusions 
 

        This article presents an automated traffic signage detection and 

recognition system based on PZM and KELM classifier. The proposed work 

is categorized into four stages such as pre-processing, AoI extraction, feature 

extraction and recognition. The images are          pre-processed by 

segregating the image into three colour channels such as red, green and blue, 

as red and blue colours alone are utilized by the traffic signage boards. The 

AoI are extracted from the images and the PZM features are extracted. The 

KELM is  
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the trained with the extracted features and is made ready for recognizing the 

traffic signage. The results attained by the proposed work are compared with 

several existing approaches and the proposed approach outperforms the 

comparative techniques. In future, the optimal features are planned to be 

selected, such that the execution time can further be reduced along with 

computational complexity.  
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