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Abstract. An automatic road sign recognition system locates road sign of interest within images captured by an 

imaging sensor on-board of a vehicle, and then identifies road signs assisting the driver of the vehicle to properly 

operate the vehicle. This paper presents a real-time road sign recognition system that can be used to improve road 

safety. The developed system is capable of analysing live road scene images, detecting multiple road signs within 

each image, and classifying the type of road signs detected. The experimental results demonstrate that the system is 

capable of achieving an average recognition hit-rate of 95%. This work is targeted towards the development of an 

efficient and intelligent road sign recognition system. The system is capable of locating the road sign region using 

derivative-based filtering, and classifying road sign through the use of support vector machine classifier.  
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1   Introduction 

Road signs give drivers vital information for driving. An automated road-sign recognition system thus plays an 

important role in alerting drivers of road conditions and makes driving safer.  

An automatic road sign recognition system should be able to first detect, and then recognise a set of road signs from 

within images. Such a system has the capability to analyse road scene image captured by the camera, extract the road 

sign region and make intelligent decisions. In addition, it must appropriately alert the driver of the road sign ahead. 

Automated road sign recognition is considered a difficult task. There are a number of important issues that need to be 

taken into consideration. These include: illumination conditions, direction of sign‟s face, status of paint on signs, 

placement of multiple signs near each other, torn and tilted signs, variations in sign‟s scale, obstacles such as tree, 

image sensor‟s properties, car vibrations, etc. 

The first work on the automated road sign recognition was reported in Japan in 1984 [1]. Since then, a number of 

methods have been developed for road sign detection and identification. These methods can be classified into two main 

groups: (i) colour-based, and (ii) shape-based.  

Most existing road sign recognition systems process colour for image segmentation in order to extract out the 

coloured objects from the background. The colours used in road signs are often simple primary colours. Several 

techniques on colour-based recognition have been developed. These include: HSI/HSV transformation [2], region 

growing [3], colour thresholding segmentation [4], principal components analysis [3], support vector machines [5], 

neural networks [6], etc. The main drawback of colour segmentation is the outdoor illumination which affects the colour 

acquired by the imaging sensor. Most colour-based techniques run into problems when the illumination source varies 

with both intensity and colour. This is the main reason why many researchers have tried to come up with algorithms for 

separating the incident illumination from the colour signal perceived by the imaging sensors [7]. 

Detection by shape forms the second main group of road sign recognition techniques. Comparing to colour-based 

approaches, shape-based techniques would have to deal with imperfect shape problems and the sign appearance. Shape 

detection requires a robust edge-detection and matching algorithm. This becomes difficult when the road sign appears 

relatively small in the image. In addition, even if the shape is identified, it can be confused with several other shapes of 

man-made objects such as building windows [3]. Several techniques on shape-based recognition have been developed. 

These include: distance transform matching [8], Hough transform [4], hierarchical spatial feature matching [9], etc. 

Shape detection techniques are more robust to changing illumination because they detect shapes using on edge 

information, and can efficiently reduce the search for a road sign region from the whole image to a small number of 

pixels [5].  

In most existing road sign recognition approaches, the region through which a search is carried out for road signs is 

pre-defined, i.e. it is assumed that the road signs only appear in a particular part of the input image. This is due to the 

reason that the position, height, and the sign-face‟s angle are often regulated. The main advantage of fixing search 

region is that the detection time is reduced because the whole road scene image need not be searched. On the other 

hand, the disadvantage is that the road signs appear in other regions of the image cannot be detected. In our approach, 

the whole image is searched for all possible road signs. This ensures that no road signs are missed out. Considering the 

detection time, binary images are used in our detection module for further processing of the regions; this keeps the 

detection time minimal.  
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Large training and test databases are constructed and used in our approach. The total number of images used for 

training and testing of neural networks are close to 2500. The databases include not only road-sign images, but also 

non-road-sign images that are used to enhance the rejection capability of the networks. 

In this paper, we propose a system that synergizes the use of derivative filtering and Weighted Naïve Bayesian 

localization. Firstly, it locates the edge of road sign through Gaussian derivatives, Laplacian derivatives and filter out 

non-road sign images using Adaboost. Secondly, the feature locator finds crucial points for subsequent feature 

extraction processing. Finally, the meaningful features are classified into the corresponding classes. 

The paper is organised as follows. Section 2 describes methodology for recognition. Section 3 gives the experimental 

results.  

2   Our Methodology 

In this section, we outline the structure of the system. Figure 1 displays the block diagram of road sign locator. The 

system is composed of road sign locator, critical points locator, feature extractor and SVM classifier. The road sign 

locator undergoes some image processing stages to find the road sign edges. The critical points locator finds points for 

subsequent feature extraction processing. We adopted Gabor features and Gini extractions which will be discussed in 

the following sub-sections. Finally the meaningful features are classified into the corresponding class. 

 

 

Figure 1 Road Sign Recognition Block Diagram 

2.1   Derivative-based Road Sign Locator 

This work adopted the use of Laplacian of Gaussian derivations. Schiele [10] experimentally compares the invariant 

properties for a number of receptive field functions, including Gabor filter and local derivative operators. Those 

experiments showed that Gaussian derivatives provided the most robust recognition results. Accordingly, in the work 

described in this paper we use filters which are based on Gaussian derivatives which can be represented by:  
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where   is Gaussian standard deviation. 

     Ros and Kak [11] showed that the simplest isotropic derivative operator is the Laplacian operator. The 2-D 

Laplacian of Gaussian centered on zero and with Gaussian standard deviation with   has the form: 
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Or in a simplified form of Laplacian of Gaussian is:  

 ( , ) ( , ) ( , )
xx yy

Lap x y G x y G x y  . (4) 

   Once the edges of road signs are identified, we further process it by a road sign filter (e.g. a simple template 

matching) which is able to filter out some unwanted edges and noise and also to crop the region where it is a possible 

road sign region. 
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2.2   Critical Points Locator 

The critical points define the extended feature components. The component-based feature detector has two levels: The 

Micro SVM based independent component detector and the Macro SVM based independent component detector. The 

micro level uses linear SVM based independent component detection. Each component classifier was trained on a set of 

extracted road sign components (the 4 key components) and on a set of randomly selected non-road sign patterns. The 

macro level uses the maximum outputs of the component classifiers within rectangular search regions as inputs to a 

combination SVM classifier. The macro SVM performs the final detection of the road sign component regions. 

2.3   Feature Extractor 

The feature extractor adopted Gabor wavelet and Gini-based feature selection. An image is convoluted with Gabor 

wavelet filters so as to extract the road sign features. We have chosen 7 orientations and 2 spatial frequencies; 

generating a total of 14 Gabor filtered images. The frequency selected is from 0.4 to 0.8, whereas the orientations are in 

the multiples of /7 ranging from 0 to . Gabor wavelet constructed 61 regions of 14 different features for each input 

data. The feature extraction process starts by marking the left centre, right centre and centre point positions. With the 

854 (61x14) features obtained, we make use of Gini to shrink down to ten features that best describe the road sign. The 

final stage is the boosting classification. Gabor filters model the properties of spatial localization, orientation selectivity, 

and spatial frequency selectivity and phase relationship of the receptive cells. The Gabor wavelet function can be 

represented by: 
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We consider that the receptive field (RF) of each cortical cell consists of a central ON region (a region excited by 

light) surrounded by two lateral OFF regions (excited by darkness) [10]. Spatial frequency W  determines the width of 

the ON and OFF regions. 
2

x
  and 

2

y
  are spatial variances which establish the dimension of the RF in the preferred 

and non-preferred orientations.  

Gini Index selects features based on information theories [12]. It measures the impurity for a group of labels. Gini 

Index for a given set s  of points assigned to two classes 
1C  and 

2C is given below: 
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  occurs when points are 

equally distributed among all classes, which implies least interesting information. On the other hand, the minimum 0.0 

occurs when all points belong to one class which represents the most interesting information. We then sort the n 

features over different classes of samples in ascending order based on their best Gini index. Low Gini index 

corresponds to high ranking discriminative features. 

2.4   Classifier 

Once the features are identified by the Gini indexing which are the high rank discriminative features, we adopted 

Support Vector Machine for classification. Support Vector Machine was originally a linear classifier based on optimal 

hyperplane algorithm developed by Vapnik in 1963 [10].  In 1992, Bernhard Boser, Isabelle Guyon and Vapnik 

successfully apply kernel method to a maximum-margin hyperplane and build a non-linear classifier [11]. In 1995, 

Cortes and Vapnik [12] suggested a soft margin classifier which is a modified maximum margin classifier that allow for 

misclassified data. If there is no hyperplane that can separate the data into two classes, the soft margin classifier selects 

a hyperplane that separates the data as cleanly as possible with maximum margin. 

     Support vector machines belong to a family of generalized linear classifiers. It is a classification and regression 

prediction tool that maximises the predictive accuracy using machine learning theory. Support vector machines can be 

defined as systems which use hypothesis space of a linear functions in a high dimensional feature space, trained with a 

learning algorithm from optimization theory that implements a learning bias derived from statistical learning theory 

(SLT) [13]. SVM becomes famous when, using pixel maps as input; it gives accuracy comparable to sophisticated 

neural networks with elaborated features in a handwriting recognition task  [14]. SVM embodies the Structural Risk 

Minimization (SRM) principle, which has been shown to be superior [15] to traditional Empirical Risk Minimization 

(ERM) principle used by conventional neural networks. SRM minimizes an upper bound on the expected risk, where as 
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ERM minimizes the error on the training data. It is this difference which equips SVM with a greater ability to 

generalize, which is the goal in statistical learning.  

3   Experimental Results and Discussion 

In this section, we assess the performance of the road sign locator. A total of 200 samples are being used for testing and 

training with 100 road sign pictures and 100 non-road sign pictures. The dataset is divided into three stratified cross-

validation sets of training and testing. Training set is made up of one third of the data, whereas testing set is made up of 

the remaining two third. The class distribution is maintained. We use images of different nature in the experiments, road 

sign and non road sign samples for training.  For non-road sign samples, we collected different pictures, which include 

natural scenery pictures, animal‟s pictures, flower‟s pictures and etc. For the road sign samples, we used self-collected 

road sign database [16]. 

     The input image is first input to the road sign locator. After derivative filtering, road sign region will be cropped 

out as region of interest. Figure 2 shows the intermediate pictures of original road sign undergoes edge processing and 

the red components extracted. Figure 3 and 4 shows the RGB components of images. The three major components 

display differences for road sign and non-road sign. The plots show distinctively different shapes are formed in the three 

attributes. Our experiments suggest that these three sub-components crucially determine if there is any road sign exists 

in the picture.  

  We previously described the use of derivative filters in conjunction with support vector machine. Table I shows the 

results. The first column shows the accuracy, followed by Precision, Recall, Specificity, AUC, and BAC. We achieve 

average accuracy of 95% and AUC 97%. In a Receiver Operating Characteristic (ROC) curve the sensitivity (true 

positive rate) is plotted in function of false positive rate (i.e. specificity) for different cut-off points. A test with perfect 

discrimination (no overlap in the two distributions) has a ROC plot that passes through the upper left corner. Therefore 

the closer the ROC plot is to the upper left corner, the higher the overall accuracy of the test. As shown in Figure 4(c) is 

the ROC curve of road sign data. It provides good curve for all data as shown. 

 

 
(a)                    (b)                          (c) 

Figure 2 Road Sign Intermediate Images (a) Original road sign for no right turn (b) Edges of 

road sign (c) Red component of road sign 

 

(a)                    (b)                          (c) 

Figure 3 Scatter plots of RGB components for road sign (a) red versus green (b) blue versus 

green (c) red versus blue 

 

 
(a)                   (b)                          (c) 
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Figure 4 (a) 3D critical points RGB components of non road sign (b) 3D critical points RGB 

components of road sign pictures (c) ROC of Road Sign 

Table 1.  Performance Metrics Support Vector Machine   

Road Sign Accuracy Precision Recall^ Specificity AUC+ BAC* 

NLT 0.9874 0.9357 0.9776 0.9890 0.9925 0.9833 

NRT 0.9738 0.9078 0.9143 0.9840 0.9678 0.9492 

SL50 

SL90 

Stop 

Average 

0.9203 

0.8973 

0.9895 

0.9537 

0.7950 

0.7534 

0.9638 

0.8711 

0.8756 

0.8992 

0.9907 

0.9315 

0.9335 

0.8966 

0.9892 

0.9585 

0.9482 

0.9394 

0.9966 

0.9689 

0.9045 

0.8979 

0.9899 

0.9450 
^
Recall=Sensitivity;  

+
Area under curve;  

*
Balanced Accuracy=(sensitivity+specificity)/2 

4   Conclusion 

In this paper, we propose a system that synergizes the use of derivative filtering and Weighted Naïve Bayesian 

localization. First, it locates the edge of road sign through Gaussian derivatives, Laplacian derivatives and filter out 

non-road sign images using Adaboost. Next, the feature locator finds crucial points for subsequent feature extraction 

processing. Finally, the meaningful features are classified into the corresponding classes. The images in used are under 

normal environment with reasonable background lightings. The road sign with less than 10% occlusion are still 

detectable by the system. In future, we would investigate other more challenging road sign like occluded road signs and 

poorly illuminated road signs. 
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