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Abstract -In recent years, traffic accidents have become the 

major cause to injuries, deaths and property damages. One of the 

main reasons to such accidents is due to high speed of vehicles. In 

order to maintain proper speed limit and thus provide significant 

contribution to improve safety, we propose Speed Limit sign 

detection and recognition method which is one of the features of 

Advanced Driver Assistance System (ADAS). In this paper we 

propose two approaches, i.e., histogram oriented gradient feature 

with SVM classifier namely HOG-SVM and CNN based approach. 

In these approaches we first pre-process the image using red color 

enhancement method and then we detect the Region of Interest 

using Maximally Stable Extremal Regions (MSER). Later, we 

classify the image by using different classifiers. In the HOG-SVM 

method, we are using HOG for feature extraction and Support 

Vector Machine (SVM) classifier for classification. In the CNN 

approach, we are using Convolutional Neural Networks (CNN) 

both for feature extraction and classification. Performance 

analysis of SVM classifier and CNN classifier are first evaluated 

on simple German Traffic Sign Recognition Benchmark (GTSRB) 

dataset using 5 fold classification, we got accuracy 100% for SVM 

classifier and 98.5% for CNN classifier. Also Further evaluated 

on German Traffic Sign Detection and Recognition Benchmark 

datasets and the experimental results show detection accuracy 

upto 93.6%  for SVM classifier and 85.8%  for CNN classifier. 

Keywords: Speed-limit sign, MSER, SVM, Histogram of 

Oriented Gradients, Convolutional Neural Network. 

I. INTRODUCTION 

Traffic Sign Recognition (TSR) plays an important role in 

Advanced Driver Assistance Systems. The need of 

Speed-Limit Sign recognition system is, present day GPS 

helps in finding out Turn Traffic signs, but not able to alert 

the drive of doped speed limits and slow speed zones.  In 

order to maintain proper speed limit and thus provide 

significant contribution to improve safety, we propose Speed 

Limit sign detection and recognition method which is one of 

the important features of Advanced Driver Assistance 

System (ADAS). Traffic signs are of primarily three types 

Mandatory signs, Cautionary signs and  Informatory signs. 

Our work concentrate on Speed limit signs, which is a type of 

mandatory signs. In this paper we presented Speed-Limit 

Sign Recognition system which is important part of the 

ADAS system, since it provides the alerts for the driver about 

speed limit to improve the traffic flow efficiency and safety 

of the driver. Mostly, the TSR consists of two stages,  
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detection and classification [1] [2] [3]. In detection stage, 

Region of Interest is detected and in classification stage, sign 

will be classified as particular class. 

In the detection stage, Color and shape based techniques 

are mostly used because traffic sign consists of particular 

shapes and distinct colors for different signs. Color based 

methods such as Hue-Saturation-Value, HIS[1] and YUV [2] 

have been used. Yan Han and Virupakshappa [5] developed a 

TSR system in which the color based HSI is used for 

segmentation, Speed up robust feature (SURF) for feature 

extraction and K-NN classifier for classification. The 

drawbacks of these color based detection method is mainly 

due to changing in lighting conditions and blurriness in 

images. Rubel Biswas and Hasan Fleych [3] presented a 

system that uses shape based method i.e., Circular Hough 

Transform for detection, property curve [3] and SVM 

classifier for Classification. In this circular shaped traffic 

signs was used which requires more computation time.  

The disadvantage of shape based method is, that this does 

not detect speed limit sign properly when occlusions occur. 

Recently CNN is used in traffic sign recognition and the 

advantage of CNN is, this does not require feature extraction. 

Yihui Wu et al. [4] proposed a method which has two stages 

namely color transformation and classification using CNN. 

In [4] simple Germany Traffic Sign Recognition Benchmark 

(GTSRB) dataset was used, but the system was not tested on 

the challenging or real time detection dataset i.e., German 

Traffic Sign Detection Benchmark (GTSDB) dataset.This 

paper presents speed limits sign detection and recognition 

system based on MSER, and the system consists of three 

mainly stages. 1) Pre-processing performed using red color 

enhancement method [3], 2) Detection stage uses Maximally 

Stable Extremal Regions (MSERs)[6] to extract Region of 

Interest due to its robustness to handle the different weather 

conditions 3)In Classification stage we use two methods, in 

first method HOG features are extracted from the ROI  and 

applied to SVM classifier and this approach is termed as 

HOG-SVM. In second approach ROI is directly applied to 

CNN for classification. 

The main contribution of our work is, usually Red color 

thresholding [6] method is used in preprocessing to detect 

MSER regions, but in this paper we used red color 

enhancement [3] in preprocessing stage, to decrease the 

search area for ROI extraction, this method works efficiently  
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and plays major role in detecting desired MSER regions. By 

using this method precision increased by 4% compared to 

results in [6] for same GTSRB and GTSDB dataset. In image 

processing selection of features that best fit to application is 

difficult to decide. To avoid this we used CNN classifier 

which does feature extraction and classification. In this paper  

we presented a CNN architecture which has  less number of  

layers compared to [4] and also using this architecture 

accuracy increased by 2% compared to[4] for same  GTSRB 

dataset 

The rest of the paper is organized as follows. Section 2 

describes the proposed system for speed limit detection and 

classification. Section 3 introduces the data sets used for 

evaluation of the two approaches. Section 4 provides the 

discussions and results and finally the paper is concluded in 

Section 5. 

II. SYSTEM OVERVIEW 

Speed-limit sign detection and recognition system has 

three stages: preprocessing, detection, and recognition. We 

implemented two approaches, namely the HOG-SVM and 

the CNN approach.  In both methods preprocessing and 

detection stages are same.  The preprocessing stage enhances 

the input image so that the speed-limit sign can be extracted 

easily. MSER detection [7] is used in detection stage to find 

Region of Interest (ROI). In first method, the recognition 

stage extracts HOG features from the ROI, which is the input 

to trained SVM for sign classification. In the second method, 

CNN is used in Recognition stage for both feature extraction 

and classification. 

2.1 Speed-Limit Sign Recognition of HOG-SVM: 

The process flow of Speed-Limit Sign Recognition using 

HOG-SVM is shown in Fig1. In Training phase, images from 

GTSRB dataset [15], used shown in fig 2(a) are used which is 

the most commonly used dataset.  GTSRB dataset images are 

of only ROIs i.e., the traffic signs hence MSER detection is 

not required, HOG features are extracted for all the input 

images and then given to SVM classifier to generate a model. 

In Testing phase, challenging images from the GTSDB 

dataset shown in fig,2. are used for testing. These dataset 

images require extraction of the ROI, for each input image. 

This requires to first emphasizing the pixels that have 

dominant red channels using red color enhancement method 

during pre-processing, and then we detect the ROI using 

MSER. Finally HOG features of detected ROI are applied to 

the generated model. 

 

Fig.1.Speed limit sign recognition of HOG-SVM 

 

2.1.1  Preprocessing: 

The speed-limits are designed to have bright red colors, so 

we can take advantage of this feature to emphasize the pixels 

that are dominant in red channel using (1) as specified in [3]. 

S=R-g          (1) 

Where R:Red channel component of the input image  g: is 

the grayscale image of the input image. S: Segmented Image. 

Output of the preprocessing stage is shown in Fig.2 (b).The 

benefit of the preprocessing stage is to take out all unwanted 

objects in the image and keep the small number of candidates, 

which have similar characteristics to the speed limit sign. 

2.1.2   ROI Detection using MSER: 

In this stage, MSERs[7] are detected to find probable 

speed limit sign region. The advantage of MSER detection is 

that it is robust in various environmental conditions. MSER 

detection is performed on the grayscale image which is 

output of the preprocessed stage. Steps in MSER detection is 

as follows: First the image is binarized by number of 

thresholds and connected components are found in the image, 

where 8-connectivity is used. The area of each connected 

component as a function of intensity is stored producing a 

data structure. These connected components which retain 

their own shapes through different threshold values are 

detected as MSERs. Fig.2(c) shows the detected MSER 

regions of pre-processed image. Since there are some false 

candidates in the resulting MSERs, these are filtered using 

parameters like aspect ratio, eccentricity, bounding box 

which are resolved empirically. After eliminating the false 

candidates, desired speed limit sign candidate region is 

cropped from the input image and resized to 64x64 which is 

the input to recognition stage. 

2.1.3. HOG feature Extraction: 

Feature extraction involves decreasing the quantity of 

resources needed to describe huge amount of data. Histogram 

of Oriented Gradients (HOG) features are extracted for 

candidate speed limit sign which is the output of detection 

stage.  Process flow of HOG feature extraction is as follows: 

First the image is divided into cells of size 4x4 and then using 

mask operators, gradients of each cell are calculated, with the 

gradients compute the magnitude and direction for each cell. 

A histogram of gradients of each cell is generated with nine 

bins using magnitude and direction values. Finally cells are 

combined into blocks with size 2x2 and block normalization 

is applied to each block using l^2-norm, with block 

overlapping size of one.At the end, feature vector is 

calculated of size 8100(15x15x2x2x9) which represents the 

HOG feature of candidate speed limit sign. 
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         (a).Input Image        (b).Preprocessed 

 

 
(c).Detected MSER regions     (d).Detected ROI  

      

 
(e).HOG features 

Fig.2. Output images of each stage for HOG-SVM 

2.2. Speed-Limit Sign Recognition using CNN: 

Block level representation of Speed-Limit Sign 

Recognition using CNN is shown in Fig.3. Both 

preprocessing and ROI Detection stage are same as 

HOG-SVM method. In image processing, feature extraction 

is very important task and it is difficult to select the type of 

features that fit to the application. This tedious task of feature 

extraction is avoided using CNN. CNN itself does feature 

extraction and classification using different layers. The three 

basic components that define CNN are i.e., Convolution 

Layer, Pooling Layer and Output Layer (or) Fully Connected 

Layer. The architecture of CNN is shown in Fig.4. 

Convolutional layer and pooling Layer together acts as 

feature extractor,fully connected layer works as classifier. 

Training phase 

 
Testing phase 

Fig.3.Speed Limit Sign Recognition of CNN 

 

First the input RGB image is applied to the convolutional 

layer. The Convolutional Layer makes use of a set of 

learnable filters, to detect the presence of specific features or 

patterns present in the original image (input). The filters size 

of 3x3 with depth same as input image is used. This filter is 

convolved (slided) across the width and height of the input 

file, and a dot product is computed to give an activation map.  

Next pooling layer is used between the convolution layers 

to reduce the amount of parameters and computation in the 

network. The most common form of pooling layer generally 

used is the max pooling. These layers are used continuously 

to extract the features of image. The convolution and pooling 

layers would only be able to extract features and reduce the 

number of parameters from the original images. The Fully 

connected (FC) layer and output layers are used to classify 

the output. FC layer do classification based on the features 

extracted by the previous layers. 

 
Fig.4.Structure of CNN 

2.2.1   Details of CNN: 

The details of CNN is given in Table 1, indicating the size, 

weight, bias and parameters of each layer. The architecture 

consists of five convolutional layers with same kernel size of 

3x3, same padding, four max pooling layers with size 2x2 of 

stride 2, and one fully connected layer and one softmax layer. 

Visualization of convolutional layer_4 and  layer_5 is shown 

in Fig.5. 

Table1: Detailed structure of CNN 

Layer Name Size Weight Bias Parameters 

Input Layer 64x64x3 0 0 0 

Convolutional layer_1 
(16) 

64x64x16 432 16 448 

Max pool Layer_1 32x32x16 0 0 0 

Convolutional 
layer_2(32) 

32x32x32 4608 32 4640 

Max pool Layer_2 16x16x32 0 0 0 

Convolutional 

Layer_3(64) 

16x16x64 18432 64 18496 

Max pool Layer_3 8x8x64 0 0 0 

Convolutional 

Layer_4(64) 

8x8x64 36864 64 36928 

Max pool Layer_4 4x4x64 0 0 0 

Convolutional 
Layer_5(64) 

4x4x64 36864 64 36928 

FC(6) 6x1 40960 6 40967 
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Fig.5. Visualization of conv_4  layer and conv_5 layer 

features 

III. THE DATASET 

In this paper, we used two public traffic sign datasets. The 

German Traffic Sign Recognition Benchmark (GTSRB)[15] 

is used for training, and the German Traffic Sign Detection 

Benchmark (GTSDB)[16] is used for testing. Images from 

GTSRB dataset contain ROI only, i.e., traffic signs. From this 

dataset we have taken six classes, with each class containing 

150 images. Images from the GTSDB dataset (Fig.7.) are 

challenging and are similar to images as obtained in real time,  

also these dataset images include blurriness. Each image 

from the GTSDB dataset is of size 1360X800. Although both 

datasets have different type of mandatory, cautionary, 

informatory traffic signs, we have taken 6 classes of 

speed-limit signs images(Fig.6.) i.e. eighty ,fifty, hundred, 

sixty, thirty, seventy for training the classifier. GTSDB 

dataset is used to test the overall performance of both the 

HOG-SVM and CNN approach 

 

 
Fig.6.Train images from GTSRB dataset 

 
 

Fig.7 Challenging image from GTSDB dataset 

 

IV. EXPERIMENTAL RESULTS: 

In HOG-SVM method, during training phase, SVM is 

trained using 8100 dimensional extracted HOG features, of 

images from GTSRB dataset. In testing phase, HOG features 

of MSER detected stage output are applied to the trained 

SVM model to predict the output. In traffic sign recognition 

using CNN during training phase, CNN is trained using 

images from GTSRB dataset. In testing phase ROIs detected 

from images using MSERs are directly applied to CNN 

classifier to predict the output. Finally confusion matrix 

obtained for two classifiers i.e. SVM and CNN is given in 

Table 2 and Table 3 respectively. 

Thus using GTSRB training dataset with 5-fold, models 

are generated for KNN, SVM and CNN classifiers. 

Prediction percentage is calculated using (2) for each 

classifier shown in Table 1.From Table 1 it is observed that 

SVM and CNN classifiers give best prediction percentage 

compared to KNN. But advantage of the CNN classifier is , 

feature extraction is not needed at recognition stage. 

Prediction =(Number of  Correctly detected  signs)/(Total 

number of Testing Samples) x100                             (2) 

Table 2: Prediction of different classifiers using simple 

GTSRB dataset 

Classes/class

ifiers 

Eigh

ty 

Fift

y 

Hundr

ed 

Seve

nty 

Sixt

y 

Thir

ty 

(HOG+KNN

) 

89% 60% 83% 81% 81% 77% 

(HOG+SVM

) 

100

% 

100

% 

100% 100% 100

% 

100

% 

CNN 97% 97.8

% 

99.2

% 

99.8

% 

98.6

% 

99.1

% 

 

Table 3: Confusion Matrix for HOG -SVM using 

GTSRB dataset for training and GTSDB dataset for 

testing 

 
 

Table 4: Confusion Matrix for CNN using GTSRB 

dataset for training and GTSDB dataset for testing 
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From Table 3 and Table 4 we concluded that accuracy is 

decreased, when system is tested by challenging GTSDB 

dataset compared to the Table 2 results. To increase the 

system accuracy we have to improve the detection stage by 

choosing better preprocessing method and improve the CNN 

performance by taking more training samples. 

V  CONCLUSION 

This paper presents two methods of Traffic sign 

recognition i.e., HOG-SVM and CNN for automatic 

detection and recognition of speed-limit signs. Firstly, 

preprocessing is done on input images to reduce the search 

area, and then MSER is used for detection of speed-limit sign 

from input image. Different speed-limit signs are classified 

using SVM and CNN classifier. The proposed system gives 

better performance under poor lightening conditions and for 

blurry images because of use of MSER in detection stage. 

Future work includes improving the preprocessing, train the 

CNN with more examples to improve the performance and 

implementing the system in real time environment. Also the 

system can be extended to test other class of prime 

Mandatory and Cautionary signs. 
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