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Abstract

This paper presents a comprehensive benchmark of sev-
eral feature types and colorspace representations on the
task of traffic sign classification. We focus on linear Sup-
port Vector Machine classifiers, and test several multi-
class formulations, as well as a formulation that allows
on-line training and updates. Experiments on two stan-
dard traffic sign classification datasets show that despite
their relative simplicity, these classifiers offer competi-
tive performance, and ultimately allow design of a flexi-
ble classification system in the context of application for
automatic maintenance of traffic signalization inventory.

1 Introduction

The problem of traffic sign recognition (TSR) has lately
received a considerable attention from the computer-vision
community, as it represents the key component in appli-
cations such as traffic sign inventory maintenance, driver-
assistance systems, and autonomous vehicles [10].

This paper is a part of our research in the context of
an automatic traffic sign inventory maintenance project,
which involves cataloguing the traffic signalization along
the major roads. Such systems have somewhat differ-
ent requirements than the TSR typically found in driver-
assistance systems; while the latter focus on accurate de-
tection and recognition of a relatively small subset of rel-
evant signs (e.g., speed limit or warning signs), the for-
mer need to be able to detect and recognize a much broader
range of traffic signalization. Therefore, we require a
flexible classification system that scales with the number
of categories, and can be (re)trained in an on-line manner.

Here, we present a comprehensive benchmark of sev-
eral different features and color representations on the
task of traffic sign classification, which typically repre-
sents the second part of the TSR pipeline, and assumes
that the bounding boxes, corresponding to traffic signs,
have already been detected and localized in the image.
We focus on linear Support Vector Machine (SVM) clas-
sifiers, and test several multi-class formulations, as well
as a formulation that allows on-line training and updates.

The rest of the paper is structured as follows. In Sec-
tion E], we present a brief overview of the related work,
followed by description of features and classifiers in Sec-
tions[3]and @ Results are presented and discussed in Sec-
tion 5] while Section [ wraps up the paper.
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2 Related work

The interest in the problem of traffic sign classification
was recently reinforced by the German Traffic Sign Recog-
nition Benchmark (GTSRB) challenge [15] and the pub-
lic availability of its dataset, which consists of 51 840
cropped images of 43 classes of German road signs. The
two top-performing approaches on this challenge were
using a committee of Convolutional Neural Networks [2]]
and a multi-scale CNN [14]], trained on contrast-normal-
ized grayscale patches, and achieved recognition rates
of 99.46 % and 98.31 %, respectively. The third-ranked
entry used the dataset-provided Histograms of Oriented
Gradients (HOG) features and a Random Forests classi-
fier, with 97.20 % recognition rate [[18]. Wang et al. [17]
improved these results even further to 99.52 %, mainly
by introducing a class-based perspective adjustment step
before the classification.

Mathias et al. [9] performed a comprehensive com-
parison of several classifiers and dimension-reduced fea-
tures, obtained by various projection methods when ap-
plied on top of intensity values from 28 x 28 patches,
the pyramids of HOGs, and the dataset-provided HOG
features. Their best achieved results for a single projec-
tion/classifier combination on the GTSRB and Belgium
Traffic Sign Classification (BTSC) datasets are 97.65 %
and 97.83 %, respectively; these results are further im-
proved by merging the projections of all base features
(98.53 % and 98.32 %, respectively). The BTSC dataset
is an earlier work of the same authors [16]], and encom-
passes 4591 training and 2434 testing images, cropped
around instances of 62 different classes of Belgian traffic
signs.

Pei et al. [13] compared the results of logistic regres-
sion when applied on top of the original features (raw in-
tensities, GIST, or HOG) and the ones obtained by a su-
pervised low-rank matrix recovery model, showing that
the latter offers better performance; their best recogni-
tion rate on GTSRB dataset, 97.51 %, was achieved using
HOG as the base feature. Fan et al. [[6] use a hierarchical
sparse representation for traffic sign recognition. Com-
bined with the dataset-provided HOG features, the pro-
posed scheme achieves 97.36 % recognition rate on the
GTSRB dataset, and, using the raw intensities extracted
from 40 x 40 patches, 92.56 % on the BTSC dataset.
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3 Features

We evaluate several feature types that are commonly used
for object detection and classification. Before feature ex-
traction, each patch is rescaled to 40 x 40 pixel size, us-
ing bilinear interpolation. We also evaluate the effect of
different color representations, and thus each feature is
evaluated in several color spaces: grayscale, HSV, LAB,
LUV, RGB, and YCbCr. Multi-channel features are ob-
tained by separate extraction from each channel, and sub-
sequent concatenation into a single feature vector.

Histograms of Oriented Gradients (HOG). We use
the VLFeat implementation of the UoCTTI HOG vari-
ant [[7] that includes both signed and unsigned gradient
information. The number of orientations is left at the de-
fault value of 9, and cell size was set to 5. The resulting
feature vector has 1984 elements for single-, and 5952
elements for three-channel images.

Local Binary Patterns (LBP). We obtain the his-
tograms of LBP [11] using the VLFeat implementation.
The input 40 x 40 patches are divided into 5 x 5 cells,
and a histogram of 58 quantized patterns is computed
for each cell. The obtained histograms are unrolled into
a single feature vector, which has 3712 and 11 136 ele-
ments for single- and three-channel images, respectively.

GIST descriptor. For GIST descriptor [[12], we use
the publicly-available Matlab implementation, with de-
fault parameters (8 orientations/scale, 4 blocks, and 4 cy-
cles per image for the Gaussian pre-filter). The resulting
feature vectors have 512 elements per image channel.

Integral Channel Features (ICF). Integral Channel
Features [4] consist of six gradient orientation channels,
a single gradient magnitude channel, and one or three
color channels. When applied to input 40 x 40 patches
with shrink factor 2 (the rest of parameters are left at de-
fault), the resulting feature vectors are 3200-dimensional
(single-channel) or 4000-dimensional (three-channel).

4 Classifiers

In this paper, we focus on linear support vector machine
classifiers; we use several different multi-class formula-
tions of the SVM, as well as an online formulation.

One-vs-rest classifier. This multi-class formulation
comprises an array of binary classifiers, one for each class.
Each classifier is trained in one-vs-all manner, with the
instances of the corresponding class being positive, and
the instances of all other classes being negative samples.
For each classifier, we independently optimize the regu-
larization parameter C' via three-fold cross validation on
the training set. The output scores of the classifiers are
calibrated into posterior probabilities using an improved
version of Platt’s probabilistics calibration [8]]; during pre-
diction, the sample is proclaimed as belonging to the class
with the highest estimated probability. For classifiers, lin-
ear SVM from the LIBLINEAR [3]] package is used, with
the default solver, and without bias (B = 0).

Multi-class tree. This tree-like classifier structure is
an extension of regular ("flat") one-vs-rest classifier; the
sign classes are (manually) grouped into super-classes

74

with their own nodes in the tree, based on similar at-
tributes (e.g., blue round signs, triangular signs, etc.),
and fine-grained classification into final classes is pre-
ceded by coarse classification into super-classes. Each
branch of the tree ends with a leaf node, corresponding
to a classifier that represents a single, final class. All
classifiers are again trained in one-vs-all fashion; how-
ever, each classifier is trained as one-vs-all with respect
to its sibling nodes, and passes on to its child nodes only
its positive samples. During prediction, all nodes at the
same level are used to classify the sample, and the branch
with the highest estimated probability is used for further
classification, until the leaf-node is reached. We use two
dataset-specific tree topologies, which are illustrated in
Figs. [Ta]and[Tb]

Crammer &Singer multi-class SVM. We also evalu-
ate the Crammer&Singer multi-class SVM formulation [3]],
which is also provided by the LIBLINEAR package. In
contrast to previous two formulations, this one directly
optimizes the multi-class problem and does not require
decomposition into binary ones. Again, the default solver
is used, and bias is set to zero.

LaRank online linear SVM. LaRank [1]] optimizes
the same problem as the Crammer&Singer formulation,
but does so in an online manner, meaning that the train-
ing can be performed one sample at the time. In practice,
an equivalent of batch training is achieved by iterating
over training set multiple times, and permuting the or-
der of samples at the beginning of each training epoch.
We evaluate the classifier after the first and after the tenth
training epoch. As this is an online method, we also eval-
uate it in an online test scenario, where after predicting
the label of a test sample, we use its true label to update
the classifier before classifying next sample.

5 Results and discussion

The benchmark was conducted on two standard traffic
sign recognition datasets — the German Traffic Sign Recog-
nition Benchmark (GTSRB) dataset and the Belgium Traf-
fic Sign Classification (BTSC) dataset. All experiments
were performed on a workstation with a six-core Intel i7-
5930K processor (3.50 GHz) and 32 GB of RAM, run-
ning 64-bit linux and MATLAB R2015a.

The results for all combinations of used features, col-
orspaces, and classifiers, are summarized in Tablem with
bold entries denoting the best-performing combination
for the given classifier type.

On the GTSRB dataset, the best classification perfor-
mance is obtained by combining LBP features and RGB
colorspace. This trend can be observed across all tested
classifier types. The best result in the off-line test setting
is obtained by the classifier tree (97.81 %), which also
outperforms all individual combinations of the projection
methods and sparse classifiers reported in [9], and offers
competitive performance even compared to the top results
on the GTSRB dataset. The other classifiers offer slightly
worse, but still comparable, performance.

On the BTSC dataset, the best performing combina-
tion appears to be HOG features and LAB colorspace.



(a) Tree structure for GTSRB dataset. (b) Tree structure for BTSC dataset.

Figure 1: Visualization of tree structures, as well as all traffic sign classes that are present in each dataset.

Table 1: Benchmark results on both GTSRB (43 classes) and BTSC (62 classes) dataset. All values denote the
percentage of correctly classified samples (i.e., classification accuracy).

GTSRB dataset BTSC dataset
HOG LBP GIST ICF HOG LBP GIST ICF
gray 96.83 96.71 96.62 95.93 97.63 9522 94.87 96.96

classifier colorspace

Z HSV 96.10 9575 96.06 87.09 97.63 96.69 9637 95.50
- LAB 96.95 96.75 97.00 96.08 98.18 96.76 96.45 96.72

Z LUV 97.01 9693 96.52 94.60 9799 97.00 96.05 97.08

g RGB 97.24 97.60 97.28 95.76 9791 97.28 97.51 96.88

YCbCr 96.98 9695 96.76 96.18 9771 9692 96.25 97.20

2 gray 97.02 96.67 96.77 96.16 97.28 94.67 93.01 96.21

2 HSV 96.34 9598 96.14 87.59 97.83 96.53 9582 95.78
;:1 LAB 97.05 97.05 9721 96.33 98.26 96.61 96.25 97.08

@2 LUV 9735 97.14 97.04 94.86 98.03 97.04 9538 96.76
é RGB 9737 9781 9759 9597 98.22 97.16 96.57 97.12

= YCbCr 97.10 97.02 97.19 96.47 97.59 9696 96.21 97.40
) gray 97.02 96.64 96.67 96.07 97775 9475 9554 96.96

E,E) HSV 96.06 9582 96.25 87.55 97.55 9542 96.41 95.78
3 LAB 96.96 96.83 97.11 96.14 97.83 9542 9625 97.12
g LUV 97.04 96.82 96.75 94.67 97.71 9534 9590 97.00

g RGB 9732 9759 9740 95.79 97.83 9633 9724 97.00

© YCbCr 97.05 96.81 9721 96.18 9732 9546 9637 97.32
= gray 96.77 96.52 96.71 95.80 97.71 9424 9448 96.76
> HSV 96.06 9553 9553 85.10 97.67 9483 9582 95.50
= LAB 96.73  96.79 96.74 9598 97.67 9475 9637 96.37
£ LUV 96.79 96.72 96.10 94.34 97.67 9479 96.05 96.96

‘:é RGB 97.14 97.68 97.33 95.56 9791 9625 9732 97.08
= YCbCr 96.76  96.74 96.78  96.06 9732 9459 96.13 96.84
= gray 96.88 96.57 96.68 95.96 97.63 9440 94.44 96.92
- HSV 96.06 9582 95.64 85.83 97.63 9515 96.01 95.74
=’ LAB 96.67 96.76 96.82  96.00 9791 9542 9586 97.04
—é LUV 96.84 96.76 96.39 94.37 97.67 9538 9558 97.04
r-‘é RGB 97.13 97.66 97.34 95.72 97.87 9641 9728 97.20
) YCbCr 96.75 96.62 96.88 96.03 97.32 9550 9633 97.51
'ﬂg gray 98.69 98.48 98.70 98.34 99.05 9720 9791 98.70
. HSV 98.19 98.11 98.13 9091 9893 9736 9826 97.83
e LAB 98.75 98.60 98.80 98.26 99.09 9795 9854 98.62
E LUV 98.65 9854 98.71 96.90 98.86 97.63 9834 98.50
% RGB 99.09 99.10 99.19 98.02 99.05 9826 98.74 98.66
) YCbCr 98.76  98.60 98.94 98.38 98.93 97.75 98.62 98.70
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Again, the best result in off-line setting is obtained by
the classifier tree structure, with classification accuracy
of 98.26 %. It not only again outperforms all individual
combinations from [9], but also comes very close to their
merged variants.

Overall, we can see that using multi-channel image
representation instead of a grayscale image tends to im-
prove the classification performance. Perhaps interest-
ingly, an exception to this trend is the HSV colorspace,
which consistently yields worse classification accuracy.

Among the classifiers themselves, the hand-crafted
classifier tree structures (Figs. [Ia]and [Ib) tend to slightly
outperform "flat" one-vs-rest classifier structures, as well
as the Crammer&Singer multi-class SVM formulation.
As shown by results, the LaRank SVM reaches almost-
optimal classification accuracy after a single training epoch,
and not much is gained by repeating the training for ten
epochs. But more importantly, its classification accuracy
18 close to that of the other tested classifiers, which makes
this online method a very attractive choice over the com-
peting offline classifiers.

Online scenario. The results of the on-line test sce-
nario with LaRank consistently show further improve-
ment in classification results. This is perhaps unsurpris-
ing, given the nature of the on-line scenario, but on the
other hand accentuates the advantage of an online clas-
sifier, namely the ability to adapt to the data in on-line
manner. In both datasets, a large portion of difficult test
samples (i.e., the ones that are misclassified by most clas-
sifiers) belongs to few traffic sign instances with poses
that were not captured by the training set. In the off-line
(batch) test scenario, all such samples end up being mis-
classified. On the other hand, updating the classifier with
the sample after the prediction is made (online scenario)
increases the chances for correct classification of other
samples that belong to the same instance.

6 Conclusion

We presented results of a comprehensive benchmark of
several feature types and colorspace representations on
the task of traffic sign classification, as well as several
multi-class formulations of a linear SVM. We have shown
that such combinations offer competitive performance,
even when compared to state of the art. The most impor-
tant finding is that the on-line LaRank SVM performs as
well as its batch counterparts, but also allows us to update
the model as the new data arrives. The on-line scenario
assumes that the true label of the sample is known, for
example by asking a human operator (application with
human in the loop); however, as the practical aspects and
considerations of such application are beyond the scope
of this paper, we plan to address that in the course of our
future work.
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