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Abstract— Traffic sign recognition is one of the main compo-
nents of a Driver Assistance System (DAS). This paper presents
a real-time traffic detection and classification approach of both
circular and triangular signs. The system consists of three
stages: 1) an image segmentation to reduce the search space,
2) a HOG-based Support Vector Machine (SVM) detection to
extract both round and triangular traffic signs, and 3) a tree
classifier (K-d tree or Random Forests) to identify the signs
found. The methodology is tested on images under bad weather
conditions and poor illumination. The image segmentation
based on the enhancement of the red color channel improves
the detection precision significantly achieving high recall rates
and only a few false alarms. The tree classifiers also achieve
high classification rates.

I. INTRODUCTION

Traffic sign recognition is an important part of a Driver
Assistance System (DAS). Traffic signs enhance traffic safety
by informing the driver of speed limits, warning him against
possible dangers such as slippery roads, imminent road
works or pedestrian crossings. Their bright colors and sim-
plified pictograms make them easily comprehensible and
perceivable.

Three of the main challenges facing traffic sign detection
systems are i) the poor image quality due to low resolution,
bad weather conditions or poor illumination, ii) the rotation,
occlusion and deterioration of the signs, iii) the need for a
response in real-time in a DAS.

In this paper, we propose a real-time HOG-based traffic
sign detection combined with a red color-based image seg-
mentation. The detected candidates are passed on to a tree
classifier to determine the content of the sign. The rest of this
paper is organized as follows: Section II gives an overview
of the state of the art of traffic recognition systems. Section
III briefly describes our approach. Section IV outlines the
segmentation techniques. Section V describes the detection
method applied. Section VI describes the tree classifiers. The
evaluation and results of the proposed methodology are given
in Section VII. A brief outlook on future improvements is
given in Section VIII.

II. RELATED WORK

Most traffic recognition algorithms divide the problem into
two parts: 1) the detection and 2) the classification.

The detection is often based on the color segmentation of
the image to retrieve the Regions of Interest (ROI). Since
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the direct thresholding of the RGB channels is sensitive to
changes in illumination, the relation between the RGB colors
is used. In [17], the color enhancement is used to extract
red, blue and yellow blobs. This transform emphasizes the
pixels where the given color channel is dominant over the
other two in the RGB color space. The RGB color Haar
wavelets are used in [2]. In [14], chromatic and achromatic
filters are used to extract the red rims and the interior
white of the traffic signs respectively. The HSI color model
(Hue Saturation Intensity) is used in [16] as it is invariant
to illumination changes. It is pointed out in [9], however,
that HSI is computationally expensive due to its nonlinear
formulae.

Other detection algorithms are based on edge detection,
making them more robust to changes in illumination. These
are shape-based methods which exploit the invariance and
symmetry of the traffic signs. Franke et al. [10] use Distance
Transform (DT) template matching to detect circular and
triangular signs. Similarly, Ruta et al. [17] use the Color
Distance Transform, where a separate distance transform
DT is computed for every color channel. The advantage
of matching DTs over edge images is that the similarity
measure is smoother. It is, however, sensitive to rotations
and occlusions. In [14], an SVM is trained on the Distance
to Border (DtB) vectors to classify the shape of a detected
traffic sign. In [12], the FFT of candidate signs are compared
to those of the templates. This feature is robust to rotation,
deformation and scaling. In [15], [18] the circular Hough
transform, used for detecting speed limits, and the simpler
Radial Symmetry Detector, used in [3], are restricted to
circular traffic signs.

Many recent approaches use gradient orientation infor-
mation in the classification phase. Gao et al. [11] classify
the candidate traffic signs by comparing their local edge
orientations at arbitrary fixation points with those of the
templates. In [1], Edge Orientation Histograms are computed
over class-specific subregions of the image. The Histogram
of Oriented Gradients (HOG) [8], initially used for pedestrian
detection, has been adapted to traffic sign detection in
several works. In [21], [16], the Regions of Interest (ROI)
obtained from color-based segmentation are classified using
a HOG-based classifier. To integrate color information in
the HOG descriptor, Creusen et al [7] concatenate the HOG
descriptors calculated on each of the color channels. The
advantages of this feature are its scale-invariance, the local
contrast normalization, the coarse spatial sampling and the
fine weighted orientation binning.
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Fig. 1. Image Segmentation using morphological and chromatic filters and
red color enhancement.

III. SYSTEM OVERVIEW

In this paper, we compare four different segmentation
techniques: color enhancement, chromatic transforms, tophat
and blackhat transformations. The resulting segmentation
masks are used to extract ROIs. The candidate set is then
refined using a HOG-based SVM detector. The traffic signs
found are identified using a tree classifier.

IV. SEGMENTATION

A. Filtering Masks

To reduce the search space and to improve the precision of
the SVM detector, we apply a segmentation mask computed
using color enhancement, a morphological operator (tophat
or blackhat) or an achromatic decomposition. One of the
four operators are applied to the image. The result f (x) is
thresholded using f (x) > µ + 4σ , where µ and σ are the
mean and standard deviation of the pixel values over the
entire image. The global mean helps take the illumination of
the whole image into consideration, while a mean computed
locally is more sensitive to small illumination variations in
the image.
• Color Enhancement: is used by Ruta et al. in [17].

However, the subsequent stages in their proposal are
computationally expensive. They exploit the a priori
knowledge of the red rim color of the traffic signs to
determine the Regions of Interest (ROI). The ROIs are
found using the time consuming region growing method
and classified by matching their Color Distance Trans-
forms to a template. This matching is not applicable to
occluded or rotated signs. In this paper, we adapt the
color enhancement stage and improve the classification
step using a HOG-based SVM detector.

For each RGB pixel x = {xR,xG,xB} in the image, the
red color enhancement is provided by

fR(x) = max(0,min(xR− xG,xR− xB)/s),

where s = xR + xG + xB. The pixels having a dominant
red component are extracted, while all others are set to
zero. The resulting enhanced image is thresholded. Fig.
1 shows the result of the red color channel enhancement.
Note that the rims (and the red truck pictogram in the
overtaking sign) are emphasized.

• Morphological Filters: We also test the tophat and
bottomhat morphological transforms of the gray image
with an operator window size of 5x5 pixels. The tophat
transform is defined as the difference between the
opening and the input image. This morphological filter
emphasizes light pixels with a high contrast to their
local environment, which is the case for the inside of
the traffic signs. The reciprocal to tophat is the blackhat
transform, defined as the difference between the closing
and the input image. It emphasizes dark pixels with a
high contrast to their local environment, which is the
case for the sign rims and some pictograms.
The resulting image from the tophat or blackhat trans-
form is thresholded. The result is a segmentation of
the light or dark regions that are surrounded by dark
or light pixels for the tophat and blackhat transforms
respectively. Fig. 1 shows the results of the tophat
and blackhat transforms. Note that the interiors of the
traffic signs are emphasized in the tophat transform. The
rims and the pictograms are emphasized in the blackhat
transform. A large part of the image is eliminated using
these filters, leading to a reduction of the number of
false alarms.

• Chromatic Filter: is used in [14] to determine the ROIs.
They assessed that the hue and saturation components
of the pixels do not contain enough information to seg-
ment the signs. They use the achromatic segmentation
masks to extract the white interior of the traffic signs
and the chromatic masks for the red rims and yellow
construction site signs. The achromatic segmentation is
not suitable for our application, since our sequences
contain large white areas such as the sky and buildings.
We adapt the chromatic segmentation to obtain the red
parts of the signs.
The chromatic color decomposition of an image is
computed using

f (R,G,B) =
|R−G|+ |G−B|+ |B−R|

3D
,

where D is the degree of extraction of an achromatic
color. It is empirically set to 20 in [14] as well as in
our experiments. A threshold of f (R,G,B)< 1 extracts
the achromatic pixels i.e. those lacking hue. To extract
the chromatic pixels, we use f (R,G,B)> 1. The result
of the chormatic transform is shown in Fig. 1.



Fig. 2. Structure of HOG descriptor [8]

V. HOG-BASED SVM DETECTION

The Histogram of Oriented Gradients, proposed by Dalal
and Triggs [8] for pedestrian detection, is also popular in
the recognition of different types of objects. We choose
to use this feature for the traffic sign detection due to its
scale invariance, local contrast normalization, coarse spatial
sampling and fine weighted orientation binning.

The unsigned gradients allow for the detection of both
static signs as well as dynamic, illuminated signs with a
single detector. This is not possible with other features,
such as Haar wavelet features [20], where the difference
between the sums of pixels in two regions indicates the
direction of the gradient. Fig. 2 illustrates the structure of
the HOG descriptor used for pedestrian detection. The image
of a traffic sign is divided into overlapping blocks. Each
block, in turn, is divided into non-overlapping cells. The
gradient magnitude and angle are computed for each pixel.
A histogram of the orientations of the gradients of each
cell is formed. The magnitude of the gradient is used as
a vote weight. The histograms of the cells of each block
are concatenated to form the descriptor. We test HOG on
both grayscale and color images. For the latter, as in [8], the
separate gradients are calculated for each color channel. The
one with the largest norm is taken as the pixel’s gradient
vector.

In this paper, we use a 144 value descriptor with 9-bin
histograms for all our experiments. The sign/non-sign train-
ing images are rescaled to 16x16 pixel images. Their HOG
descriptors are computed and used to train two linear SVM
classifiers (one for round signs and another for triangular
ones) using the SVMLight1 library. The n resulting support
vectors are combined to a single global vector: v = ∑ inαi ·vi.
The weight αi is the confidence in support vector vi and
is computed as a function of its classification error. This
reduction to one support vector accelerates the detection as
the HOG descriptors of the candidates are compared to a
single vector instead of several. During the detection phase,
the image is scanned at multiple scales. Only the areas
resulting from the segmentation mask are examined. The
resulting candidates are passed on to the tree classifier in
the classification phase.

1http://svmlight.joachims.org/

Fig. 3. Structure of HOG descriptor [8]

VI. CLASSIFICATION

A. K-d trees

A K-d tree is a binary search tree organizing k− dimen-
sional data points. Each non-leaf node splits the data into two
subspaces in the feature i with the highest variance at that
level. Therefore, each node contains a (k− 1)-dimensional
hyperplane Hi = {x1, . . . ,xi − 1, i,xi + 1,xk},1 ≤ i ≤ k par-
allel to the i-th axis. In Fig. 3, the 2-D space is divided
alternatingly by 1-D lines parallel to the x and the y axes.
To ensure that the tree is balanced, the median value vi of
the i-th dimension is used for the split in each node. The
left subtree contains data points smaller than vi and the right
subtree points larger than vi. This division is repeated until
each data point is represented by a leaf.

The K-d tree is a nearest-neighbor-based search tree.
We use the Best Bin First algorithm [4] to perform an
approximate Nearest Neighbor search. This efficient variant
of the K-d tree search algorithm allows for the indexing
of higher dimensional spaces which is required when using
HOG vectors or other large descriptors. Instead of searching
the entire tree in an exhaustive manner, Beis et Lowe [4]
propose to search the nodes closest to the query sample
using a priority queue. This queue contains candidate nodes
ranked according to their distance to the query. The ranking
determines the order in which the nodes are examined.
During the search, the siblings of the current node being
examined are iteratively added to the priority queue. The
search is terminated when the algorithm scans a predefined
maximum number of nodes Emax.

A nearest neighbor approach is more suitable for the
challenge dataset due to the large variation in the number of
training samples of the different classes. Training a learning-
based classifier such as an SVM on an imbalanced dataset
often requires parameter fine-tuning, making the system less
generic.

During the testing phase, the k Nearest Neighbors (kNN)
are retrieved for each candidate. The vote of the class, to
which each of the nearest neighbours belongs is incremented.
The vote is weighted with the reciprocal of the Euclidean
distance to the candidate. The maximum vote determines the
class of the candidate.

voteclass = ∑1k 1
distance(kNN,candidate)

,kNN ∈ class

B. Random Forest

Random Forests were introduced by Breiman and Cutler
[6]. An ensemble of random trees forms a random forest. To



classify a sample, the classification of each random tree in
the forest is taken into account. The class label of the sample
is the one with the majority of the votes.

A random tree is grown as follows:
• A subset of n < N training samples is randomly chosen

with replacement from the original training set contain-
ing N samples. The tree is grown using this subset and
is not pruned.

• A subset of m < M features is randomly chosen at each
node. The best split at this node is computed using this
subset.

The random forests achieve state-of-the-art performance
in many multi-class classification applications. In [5], the
random forests outperform the SVM in classifying images
from the Caltech-101 and Caltech-256 data sets. Khoshgof-
taar et al. show in [13] that random forests perform well on
binary classification problems with imbalanced data sets and
outperform SVM, Naives Bayes, kNN and C4.5 classifiers.
A further advantage is that they are fast to build, easy to
implement in a distributed computing environment and that
they enable online learning.

VII. RESULTS

To evaluate the proposed detection algorithm and the per-
formance of the color segmentation as a filter, we use image
sequences acquired in both urban and highway environ-
ments under different meteorological conditions. A predicted
bounding box is considered correct if it overlaps more than
50% of the ground truth. The evaluation is based on ROC
curves as well as the recall and precision values defined as
follows:

recall =
true positives detected (TP)

total true positives

precision =
true positives detected (TP)

all detections
We evaluate the tree classifiers on both our data set as well
as the German Traffic Sign Recognition Benchmark [19],
which contains a significantly larger number of classes and
images.

A. Data set

Our data set contains 24 classes of traffic signs, including
15 round and 9 triangular signs. The train and test data
sets contain 14765 and 1584 signs respectively. There is
a significant imbalance in the number of training samples
for each class. The size of the training sets varies from 15
to 3852 images. This imbalance favors hierarchichal clas-
sification approaches, such as trees, over machine learning
techniques, such as an SVM.

B. Detection

To compare the color enhancement and the chromatic seg-
mentation approaches, proposed in [17] and [14] respectively,
we examine their effect on the detection performance. The
corresponding ROC curves are illustrated in Fig. 4. Note
that all four the color segmentation approaches significantly

Fig. 4. Color segmentation using grayscale and color HOG

reduce the number of false positives. The morphological
operators reduce the hit rate by falsely eliminating signs with
a low contrast to the background or within the sign due to
poor illumination or deterioration of the sign. The chromatic
filter omits distant and poorly illuminated traffic signs due to
the lack of color richness of the corresponding pixels. The
red color enhancement technique is less sensitive to changes
in illumination since it takes into consideration the relative
dominance of one channel over the others.

Table I shows the effect of using the segmentation masks
on the detection performance. The red channel color en-
hancement improves both the recall and the precision of the
HOG detector. It achieves the best results with a recall of
90.21% at a precision of 90.90%. One can also note that the
HOG descriptors computed on the RGB color space achieve
a 10% higher recall than the HOG computed on the grayscale
images. This improvement is due to the strong gradients in
the red color channel which are not as intense in the gray
images.

Table II shows the average time (in ms) required to
process a 752x480 pixel frame on a 2.93 GHz Intel Core
i7 computer. The grayscale HOG detector achieves real-



TABLE I
EFFECT OF SEGMENTATION MASKS ON DETECTION

PERFORMANCE

HOG Gray HOG RGB
Mask Recall Precision Recall Precision
Sans 75.82 90.16 84.72 89.89

Tophat 38.45 92.13 41.67 88.95
Blackhat 42.05 91.48 45.20 88.40

Chromatic 42.11 78.29 38.38 92.68
Red 84.66 94.77 90.21 90.90

TABLE II
COMPUTATION TIME (IN MS)

Mask HOG Grayscale HOG RGB
Sans 35.56 ms 49.31 ms

Tophat 32.89 ms 45.78 ms
Blackhat 32.75 ms 45.52 ms

Chromatic 48.07 ms 55.24 ms
Red 48.85 ms 55.54 ms

time performance, running at 28 frames per second. The
improved red enhancement segmentation mask requires a
longer processing time, yet can run in near real-time at 20
frames per second.

C. Classification

In the classification phase, the K-d tree or the Random
Forests are built using the training samples. For each can-
didate from the test set, the k nearest neighbors in the K-d
tree are found. The class vote is inversely proportional to
the distance between the candidate and its closest match (see
Section VI-A). The Emax parameter is set to 5000. As for the
Random Forests, each tree in the ensemble contributes to the
class vote. A minimum of 100 samples and a subset of 100
variables are used to construct each tree. The forest consists
of 500 trees. These parameters were chosen empirically.
Their effect on the classification result is shown in Section
VII-D.

We test different size HOG descriptors to better ana-
lyze the performance of the tree classifiers. The Random
Forests outperform the K-d trees when using the larger
HOG descriptors. The random selection of variables and their
large number in the ensemble make them more robust and
performant than the single K-d tree.

D. German Traffic Sign Recognition Benchmark

We further evaluate the performance of combining the
HOG features with the K-d tree and Random Forests using
the German Traffic Sign Recognition Benchmark [19]. This
image data set contains 43 classes, 26,640 train images and
12,569 test images.

The three different HOG features used are listed in Table
III. The block and cell sizes are measured in pixels. All
the images used are resized to 40x40 pixels using a bilinear
interpolation. The precalculated descriptors for both the train
and test images are available on the benchmark website. To

TABLE III
PARAMETERS OF THE HOG DESCRIPTORS

Name Dimension Cell Block Stride Bins Semicircle
HOG 1 1568 5x5 10x10 5x5 8 true
HOG 2 1568 5x5 10x10 5x5 8 false
HOG 3 2916 4x4 8x8 4x4 9 true

HOG 4 (interior) 2916 4x4 8x8 4x4 9 true

Fig. 5. Tight bounding box of the traffic sign used for computing HOG 4
feature

evaluate the effect of the background on the classification
performance, the HOG 4 descriptor was calculated on the
tight bounding box of the images as shown in Fig. 5. The
same parameters as HOG 3 were used.

1) K-d tree: The construction and the parameters of
the K-d tree are described in Section VI-A. Five nearest
neighbors are retrieved for each test candidate, i.e. k= 5. This
value was determined empirically. The performance of the K-
d tree depends not only on the features used, but also on the
value of the Emax parameter. Its effect on the classification
results is shown in Table IV. Increasing the Emax parameter
by a factor of 10 increases the classification rate by up to
4.55%. The Emax parameter in the K-d tree is set to 5000 in
further experiments, since it achieves the best results for all
four HOG descriptor sizes.

The HOG 2 descriptor has a poorer overall performance
than HOG 1 and HOG 3. The former computes signed
gradient orientations i.e. 0◦ to 360◦, while the two latter
use unsigned gradients i.e. 0◦ to 180◦. When using the
same number of bins, the binning is coarser in the HOG
2 descriptor i.e. the bins are larger (45◦ per bin) than in the
HOG 1 (22.5◦ per bin) and HOG 3 (20◦ per bin) descriptors.
A finer spatial binning better describes the characteristics of
each traffic sign class.

The HOG 4 descriptor, computed on a tight bounding box,
yields the best results. This shows that the effect of the small
strip of background around the traffic sign has a significant
effect on the performance of the K-d tree classifier.

Spatial Weighting
The 30, 50 and 80 speed limit signs are most frequently

TABLE IV
CLASSIFICATION RESULTS WHEN VARYING EMAX IN K-D TREE

Emax HOG 1 HOG 2 HOG 3 HOG 4 Avg ms
500 71,30 % 68,84 % 71,08 % 90.69 % 1.75

1000 73,03 % 70,40 % 72,75 % 91.44 % 3.58
1500 73,76 % 71,25 % 73,65 % 92.00 % 5.37
2000 73,94 % 71,87 % 74,00 % 92.29 % 7.16
2500 74,37 % 72,03 % 74,53 % 92.36 % 8.95
5000 74,92 % 73,39 % 75,03 % 92.70 % 17.9



TABLE V
IMPROVEMENT OF THE K-D TREE CLASSIFICATION RESULTS WHEN

USING THE SPATIAL WEIGHTING

Weighting HOG 1 HOG 2 HOG 3 HOG 4
No Weighting 74.92 % 73.39 % 75.03 % 92.7 %

With Spatial Weighting 88.53 % 88.73 % 90.39 % 91.6 %

confused by the K-d tree. The spatial weighting of the HOG
descriptor values according to the location of the block
improves the results of the approximate Nearest Neigbors
search in the K-d tree significantly. The prioritizing of the
interior helps better distinguish the fine difference between
the contents of the traffic signs. The classification hit rates
were increased by about 15% with an Emax = 5000.

2) Random Forests: The Random Forests achieve 95.1%,
97.2%, 95.2% and 94.79% for the HOG 1, 2, 3 and 4
descriptors respectively. The number of trees is set to 500,
the number of features and samples to 100. The HOG 2
descriptor perform slightly better than the other three. The
Random Forests achieve about 20% higher classification
rates than the K-d trees when using the HOG 1, 2 and 3
descriptors. Since a small subset of 100 features and 100
training samples are used to construct the random trees, the
probability of choosing the HOG descriptors of the 10%
border region is small and the perturbation of the similarity
measure caused by the background is less significant. The
randomness of the random forest classifier makes it less
sensitive to the variations than the K-d tree, which uses the
entire descriptor set.

VIII. CONCLUSIONS AND FUTURE WORKS

A. Conclusions

In this paper, a real-time traffic sign recognition system is
presented. The four different segmentation techniques: color
enhancement, morphological and chromatic filters, are com-
pared and used to improve the recall and precision of a HOG-
based SVM detector. The red color channel enhancement
achieves equal recall and precision rates of 90%.

The performance of the K-d tree and the Random Forests
is also evaluated both on our data set and the publicly
available German Traffic Sign Recognition Benchmark [19].
The spatial weighting of the HOG features in the K-d tree
Nearest Neighbor classification improved the accuracy by
upto 15%. The Random Forests outperform the K-d trees,
achieving a classification rate of 97.2%.

B. Future Works

Future works include enriching our data set. The detection
rates can be further improved by using spatial and temporal
information i.e. restricting the search space to the sides
of the road and reinforcing the classification decision over
several consecutive frames. The classification rates can be
augmented by exploiting other visual features such as color
information and distance transforms.
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