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Abstract:

Current traffic sign image repositories for classification purposes suffer from scarcity of samples due to the
compiling and labelling images being mainly a manual process. Thus, researchers resort to alternative approaches to deal with this issue, such as increasing the model architectural complexity or performing data
augmentation. A third approach is the usage of synthetic data. This work addresses the data shortage issue by
building a synthetic repository proposing a pipeline to build synthetic samples introducing previously unused
image operators. Three use cases for synthetic data usage are explored: as a standalone training set, merging
with real data, and ensembling. The first option provides results that not only clearly surpass any previous
attempt on using synthetic data for traffic sign recognition but are also encouragingly placing the obtained accuracies closer to results with real images. Merging real and synthetic data in a single data set further improves
those results. Due to the different nature of the datasets involved, ensembling provides a boost in accuracy
results. Overall we got results in three different datasets that surpass previous state of the art results: GTSRB
(99.85%), BTSC (99.76%), and rMASTIF (99.84%). Finally, cross testing amongst the three datasets hints
that our synthetic datasets have the potential to provide better generalization ability than using real data.

1

INTRODUCTION

Typically, training deep learning models requires a
high volume of samples. In the context of traffic sign
recognition, collecting a truly representative dataset
is both a time and resource consuming task. For instance, some traffic signs appear only in highways
while others appear only in rural areas. Furthermore,
these signs should be captured in a wide range of
lighting and weather conditions, as well as using different camera sensors. When all factors are taken into
account, the process of building a truly representative
dataset of real-world images is not to be taken lightly.
To aggravate things further, it must be taken into
account that a model trained with traffic signs from
a specific country will not be optimal when used in
a different country. Small differences in letter fonts
and pictograms are sufficient to significantly decrease
the accuracy of a model. This issue can also be found
within each country, where pictograms used in traffic signs are sometimes updated or have their font
changed.
Some works address the accuracy problem from
the model architecture perspective. Complex ara

chitectures, namely Spatial Transformer Networks
(STN), Inception modules, and Generative Adversarial Networks (GAN), have been able to achieve considerable accuracies.
The purpose of this work is to address the issues
pertaining to the datasets. We explore the construction of a dataset based only on synthetic data, thereby
eliminating the data gathering and labelling issues, removing the limitation on the number of classes, and
issues with multiple variations of the same sign.
The only input we require to build a synthetic
dataset is a set of templates that represent the traffic
sign classes to be included. Most of these can be collected from a number of sources on the internet. Note
that for a particular class there may be more than one
template to accommodate older versions of a sign, or
slight variations found by different sign makers.
If real-world data is available, synthetic data can
be used to complement the training set, providing a
hard to obtain diversity when considering only real
samples, thereby potentially increasing the overall
classification accuracy.
To evaluate the potential of such datasets, tests
were performed against state-of-the-art reports on
three European traffic sign repositories, considering
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Table 1: Statistics for the German, Belgian, and Croatian
datasets.

class #
train #
test #
min res
max res

GTSRB
43
39209
12630
25x25
232x266

BTSC
62
4575
2520
22x21
674x527

rMASTIF
31
4044
1784
17x16
185x159

three usage scenarios: the synthetic dataset as a standalone training set, merged with a real training set,
and having synthetic and real data participating in
an ensemble. To assess the generalisation ability
of the trained models with synthetic data, we also
performed cross-testing with synthetic data amongst
three datasets.

2

RELATED WORK

This section focuses on
repositories used in this
ture using deep learning
datasets, and on research
sign datasets.

2.1

the European traffic sign
work, the research literamodels trained with these
relating to synthetic traffic

Traffic Sign Datasets

Only for a few countries have traffic sign samples
been collected, labelled, and released as a public
dataset. The volume and quality of samples varies
greatly across countries.
Here we focus on three European datasets: GTSRB1 (Stallkamp et al., 2012); BTSC2 dataset (Timofte et al., 2009); and rMASTIF3 dataset (Šegvic et al.,
2010).
Table 1 presents some statistics for these datasets.

2.2

Traffic Sign Classification

In 2011, Cireşan et al. (Cireşan et al., 2012) won
the IJCNN competition with an ensemble of 25
CNNs. The dataset was preprocessed using 4 different colour/brightness equalisation settings, providing
a total of 5 different datasets (including the original).
Each dataset version was used to train 5 models, resulting in 25 trained CNNs. They achieved an accuracy of 99.46% in the GTSRB dataset.
In 2015, Haloi (Haloi, 2015) achieved an accuracy
of 99.81% on the GTSRB dataset using a CNN consisting in sequential STN layers along with a modified
1 http://benchmark.ini.rub.de/
2 https://btsd.ethz.ch/shareddata/
3 http://www.zemris.fer.hr/

kalfa/Datasets/rMASTIF/

version of GoogLeNet, based on an Inception architecture (Szegedy et al., 2014).
Jurišić et al. (Jurišić et al., 2015) reports an accuracy of 98.17 ± 0.22% on the BTSC dataset and
99.53 ±0.10% on the MASTIFF dataset. Their model
was based on the one used by Cireşan et al.(Cireşan
et al., 2012), and included width branches (also
named scales) of convolutional layers in order to create a multi-scale architecture in a similar approach to
the work of (Sermanet and LeCun, 2011).
Later, Arcos-Garcı́a et al. (Arcos-Garcı́a et al.,
2018) accomplished a performance of 99.71% on the
GTSRB dataset and 98.95% on the BTSC dataset.
Their architecture consists in a single CNN that combines convolutional layers and 3 STN modules.
In 2018, the performance on the BTSC was improved by Saha et al. (Saha et al., 2018) achieving an
accuracy of 99.17%. The result was achieved through
the application of a CNN with dilated convolutions
(Yu and Koltun, 2016). A similar result was obtained
by Jain et al. (Jain et al., 2019), with an accuracy of
99.16%. This later approach uses Genetic Algorithms
to discover the best training parameters.
In (Mahmoud and Guo, 2019) the authors start by
training a DCGAN to extract deep features. Then a
MLP classifier is used, taking as input the output of
the last convolutional layer of the trained DCGAN.
The MLP is trained with a pseudoinverse learning autoencoder (PILAE) algorithm. Their results are very
close to (Haloi, 2015) for GTSRB (99.80%), and set a
new state of the art result for BTSC with an accuracy
of 99.71%.

2.3 Synthetic Traffic Signs
In 2018, Stergiou et al.(Stergiou et al., 2018) proposed
the use of synthetic training data based on traffic sign
templates. Distinct templates were processed, resulting in 50 classes of British traffic signs. Backgrounds
were taken from 1000 samples of British roads in
several scenarios. Half of the backgrounds are examples of urban areas and roads, the other half being from rural environments. The synthesised traffic
signs are created to simulate different lighting conditions with the intent of closely simulating real-world
scenarios. Regarding geometric transformations, 20
distinct affine transformations for shearing were applied alongside rotations, scaling, and translations.
The final dataset was constructed with 4 brightness
variations. Evaluating their approach with a single
CNN with 6 convolutional layers with zero padding
achieved a peak accuracy of 92.20%. However, they
do not mention the test dataset used for evaluation nor
the test conditions.
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Lou et al. (Luo et al., 2018) present an approach
with Generative Adversarial Networks (GAN), claiming to generate more realistic images than conventional image synthesis methods. The main purpose
in using GANs is to take advantage of the fact that the
GAN itself will learn the generation parameters from
real data instead of having to manually define the data
transformations to apply. However, this approach requires existing real data to train the GAN.
As input, the algorithm receives a sign template,
an affine transformation, and a background. The
GAN synthesises the visual appearance of the merging the background and the traffic sign, while the geometric transformations are applied independently as
in previous methods. The generated dataset was then
tested with a CNN classifier with a STN layer, reaching an accuracy of 97.24% in the GTSRB test set
when using only synthetic data. Note that this accuracy is not for the whole GTSRB test set, as the diamond shaped sign (priority road) was excluded from
the evaluation.
In order to evaluate the synthetic dataset, a comparison was performed using the same CNN classifier
trained with real data. The accuracy achieved with
this classifier on the same test set was 99.21%. Further tests were performed to show the benefits of combining real and synthetic data. These later tests show
that there is a significant improvement when merging
these two sources of images, even when considering
just a percentage of the real data available. The best
result reported is with a dataset merging 50% of the
real data with the synthetic training set, achieving an
accuracy of 99.41%.
Spata et al. (Spata et al., 2019) extend Lou et al.
proposal with the background being generated by a
GAN. First a randomised perspective transformation
is applied to the sign template. As the authors state,
”the CycleGAN is designed primarily for stylistic and
textural translations and therefore cannot effectively
contribute such information itself”. The authors report that using real-world data results in better and
more stable classifiers. The best reported result with
synthetic datasets is 95.15% of accuracy.
Horn and Houben (Horn and Houben, 2020) further explore the generation of synthetic data, improving the results from Spata et al., however, results are
only provided for selected classes.
Araar et al (Araar et al., 2020) extend the approach
by Stergiou et al., applying geometric transformations
and image processing techniques. Tested on GTSRB,
an accuracy of 97.83% is reported.
Liu et al. (Liu et al., 2021) explore the generation
of synthetic data using a DCGAN trained on real data.
Their work shows that it is possible to create images
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Figure 1: Sample templates for the GTSRB.

with a high degree of similarity based on the SSIM
metric.
A relevant note is that, apart from Araar et al., all
other works strived to generate synthetic samples as
close to real samples as possible.

3

SYNTHETIC TRAFFIC SIGNS
GENERATION ALGORITHM

A synthetic traffic sign can be considered as the composition of a background with a foreground template
that undergoes a set of operations in order to mould
the raw templates to synthetic traffic sign samples.
The traffic sign synthesising algorithm consists in a
pipeline of geometric transformations, colour transformations, and image disturbances in the form of
noise and blur.
Foregrounds are templates representing all classes
of the original traffic sign repositories. To build these
sets of templates we examined the real data training
set to gather the templates for each class. A sample of
the gathered templates for GTSRB is shown in Figure 1. Some classes have multiple templates due to
the presence of older versions of a sign (see templates
for 30km/h speed limit), or even some differences
to manufacturing (see templates for 120km/h speed
limit). This is common, but not exclusive to speed
limit classes. Some templates are rotated to accommodate real scenario placement (see templates for the
roundabout sign).
A relevant issue is present in the rMASTIFF
dataset where two signs share the same central pictogram, yet they belong to different classes. The main
difference between these signs is the colour of the
outer area of the sign, causing a number of inter-class
misclassifications. To deal with this issue we created
multiple templates for each class varying the hue and
luminance channels, see Figure 2. This approach substantially reduces the number of misclassified samples from both classes.
As in previous works, we apply geometric transformations to create a large diversity of images,
namely resizing, translation, rotation, and perspective
transforms. Commonly to previous works, we also
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Figure 5: Real vs. solid color backgrounds.
Figure 2: Templates for classes with same central pictogram
(rMASTIFF).

Samples of the end result, considering solid colour
backgrounds, are shown in Figure 4. Note that, unlike prior works, we did not aim to get photo-realistic
samples 4 .

3.1 Background

Figure 3: Synthetic template transformation pipeline.

jitter hue and saturation.
In this section, we will focus on the new operators
and significant variants, namely the background selection, brightness distribution, Perlin noise, and confetti noise.
Figure 3 shows the full pipeline for the generation
of synthetic samples. The value on the side of each
box indicates the probability of applying the respective transformation to a sample. The left branch generates the smaller samples, whereas the right branch
is designed for the larger samples.

Figure 4: Samples of generated synthetic traffic signs with
solid colour backgrounds for each class of the GTSRB
dataset.

The usage of real scenario backgrounds in synthetic
samples can be found in all the works discussed in
Section 2. Signless images of street scenarios from
Google Street Views were used as real backgrounds.
As depicted in Figure 5, for our synthetic data generation we further tested an alternative: random solid
colour per sample.
While real backgrounds provide more realistic imagery they may introduce a bias in the training set.
It can be challenging to find a suitable set of backgrounds covering different scenarios (urban and rural), weather conditions, and lighting variations due
to time of day or even seasons.
Random solid colour backgrounds, on the other
hand, are easier to use, and ”force” the network to
focus on the traffic sign since there are no features
outside of the traffic sign. This approach has been
tested previously in (Araar et al., 2020), but Araar et
al. discarded this option due to poor results.
In here, we explore both real ans solid colour
backgrounds.

3.2 Brightness Distribution
Real image data can be modelled by statistical data
distributions for some of its parameters. Brightness is
an example explored in this work. When real data is
available, it becomes possible to compute brightness
for synthetic samples based on the real data brightness
distribution.
To determine which distribution best fits
the real dataset brightness distribution, the Kolmogorov–Smirnov test (K-S test) was performed.
Running the K-S test on all available samples from
the three datasets, we found that the Johnson distribution with bounded values was able to closely
fit the real sample data. The histogram plot of the
distribution for the GTSRB dataset is depicted in
4 source code for the generation of synthetic datasets
available at https://github.com/Nau3D/bridging-the-gapbetween-real-and-synthetic-traffic-sign-datasets

47

DeLTA 2022 - 3rd International Conference on Deep Learning Theory and Applications

Figure 8: Examples of noisy traffic sign samples of classes
0, 1, 2, and 3 from the GTSRB dataset, respectively.

Figure 6: Brightness frequency for the GTSRB. The curve
represents the Johnson fitted distribution.
Table 2: Fitted Johnson brightness distribution parameters
for the German, Belgian, and Croatian datasets.

dataset
GTSRB
BTSC
rMASTIF

γ
0.747
0.727
0.664

Parameter
δ
ξ
0.907
7.099
1.694
2.893
1.194 20.527

λ
259.904
298.639
248.357

Figure 6. The parameters of the distributions for the
three datasets are shown in Table 2.
To test the potential benefit of using this information, the samples of the synthetic dataset were adjusted to the Johnson distribution with the parameters
determined for the respective dataset. This step is introduced in the final stages of the synthetic transformation pipeline. For each synthetic image, a sample
is taken from the Johnson distribution and the image
brightness is adjusted accordingly. Examples of the
end result can be seen in Figure 7.
Relying on information from existing real image
datasets requires an existing dataset of real images to
determine the parameters of the distribution. Furthermore, it only makes sense in a real world application
if the real dataset is truly representative of a multitude
of weather conditions and lighting variations. This is
not the case with the majority of the publicly available
datasets.
To create a synthetic dataset from scratch we propose the usage of exponential Equation 1, where the
desired brightness is computed considering a uniform
random variable u in [0, 1], and a variable bias that determines the minimum brightness. Brightness B can
be defined in the range [bias, 255] as:
B = bias + uγ × (255 − bias)

(1)

In our tests we set bias = 10, and γ = 2.

Figure 7: Brightness altered in synthetic samples of class 7
from GTSRB dataset.
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Figure 9: Confetti noise. From the left: original template, resized sample, resized template after applying confetti noise, and sample from GTSRB.

To adjust the template brightness, the first step is
to compute the average V component in HSV representation. A ratio between the mean V value and the
brightness obtained from Equation 1, or by sampling
the Johnson distribution, is computed and multiplied
by V for every pixel.

3.3 Confetti Noise
A large portion of the smaller samples on the real
datasets set have abrupt pictogram colour variations.
Some examples are presented in Figure 8.
Our approach to simulate this is based on impulsive noise. This noise, which we named Confetti
Noise, modifies the value of pixels in a random fashion, being applied only to the smaller samples. The
process starts with a sliding window approach on the
template image of small solid colour rectangles which
are set to a random colour with a defined probability.
Finally, the template is resized to the desired resolution. The effect on a template and a comparison with
an actual traffic sign is depicted in Figure 9.
Confetti noise is applied to 50% of the smaller
samples and has 3 parameters. The kernel size ratio
(3% of the original template dimension), the probability of updating the window under the kernel (set at
3%), and the stride (set at 1.5% of the template dimensions).

3.4 Perlin Noise
Real samples are mostly heterogeneous due to uneven
light exposure, colour fade, or deterioration due to exposure. In order to simulate these variations of colour
shade, Perlin noise (Perlin, 1985) was added to the
templates.
The process of applying Perlin noise to the templates consists first in random cropping of a large
noise texture, and alpha blending the crop with the
template (with α = 0.60). The Perlin noise param-
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Table 4: Accuracy results when training with real data.
Number of parameters is 106 . (1) (Mahmoud and Guo,
2019), (2) (Haloi, 2015), (3) (Saha et al., 2018), (4) (Jurišić
et al., 2015).
Figure 10: Perlin noise sample (left) applied to classes 1,
36, and 41 from the GTSRB dataset.
Table 3: Neural network model with a total of approximately 2.7 million trainable parameters.
Layer type
Convolution + LeakyReLU
Batch Norm.
Dropout (p = 0.05)
Convolution + LeakyReLU
Max Pooling
Batch Norm.
Dropout (p = 0.05)
Convolution + LeakyReLU
Max Pooling
Batch Norm.
Dropout (p = 0.05)
Fully Connected + ReLU
Fully Connected + ReLU

Filters
100

Size
5×5

Ours
(1)
(2)

150

5×5
2×2

(3)
Ours
(1)

250

5×5
2×2

(4)
Ours

350
# classes (c)

eters are as follows: 6 octaves, a persistence of 0.5,
and a lacunarity of 2.0. Figure 10 shows examples of
Perlin noise applied to different templates.
Although it seems as if we are over emphasising
the noise effect, models trained with lower values of
α did not prove as accurate when evaluated on the test
sets.

4

Model

EVALUATION

For this work we opted for a plain vanilla CNN since
we want to focus on the data and not on the model.
A summary of the CNN architecture employed in this
work can be seen in Table 3. The number of outputs is
set according to the number of classes of the dataset.
This model consists of three convolution blocks with
a kernel size of 5 × 5 pixels and one fully connected
layer. The activation function used in all convolutional layers is LeakyReLU, while the fully connected
layer uses ReLU. Batch size is set to 64, and the Adam
optimizer is used with a learning rate of 0.0001.
We performed tests on three of the datasets presented in Section 2.1, namely GTSRB, BTSC, and
rMASTIF. All values reported are averages of 5 runs,
each with 40 epochs.
Real data training sets were augmented before
training, so that each class contains at least 2000 samples, with translations (up to four pixels in each direction), rotations (−10◦ to 10◦ ), and vertical flips,
including those changing the target class, where ap-

Input Params
GTSRB
32 × 32
2.7
64 × 64
−
128 × 128
10.5
BTSC
56 × 56
6.3
32 × 32
2.7
64 × 64
−
rMASTIF
48 × 48
6.3
32 × 32
2.7

Acc (%)
99.64 ± 0.02
99.80
99.81
99.17
99.30 ± 0.03
99.72
99.53
99.71 ± 0.05

plicable.
Dynamic data augmentation in form of geometric
transformations and colour jittering is applied to the
dataset during training, consisting of: small rotations
with a maximum of 5◦ in each direction; shear in the
range of [−2, 2] pixels followed by rotations; translations in a range of [−0.1, 0.1] percent, also followed
by rotations; and centre cropping of 28 × 28 pixels.
The colour transformation consists in jittering of the
brightness, saturation, contrast, each multiplied by a
random value in the range of [0, 3], and hue jittered in
the range [−0.4, 0.4]. These transformations are applied independently, meaning that, for each sample in
the original dataset, the model sees eight variations of
that sample in the same epoch.
Accuracy results for real data are reported in Table
4, including state-of-the-art results, to put in context
the results obtained with synthetic data presented in
the following subsections. Our results are an average
of 5 runs per dataset.

4.1

Synthetic Datasets

Synthetic datasets have 2000 samples per class. Dynamic data augmentation is identical to the applied
for real data datasets. We evaluated models trained
with synthetic data where brightness is set according
to the exponential equation (Equation 1), synthetic
data with brightness information from the respective
Johnson distribution, as well as considering real and
solid colour backgrounds for synthetic samples.
To identify the datasets, we will use R for real data
datasets. Synthetic datasets are identified by a three
letter abbreviation, always starting with an S for synthetic. The second letter relates to brightness and the
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Table 5: Results on GTSRB for synthetic datasets built with
and without Perlin and confetti noise.

Base
With Perlin and confetti noise

Accuracy %
97.75 ± 0.01
99.25 ± 0.06

Table 6: Test dataset accuracy for models trained with synthetic data.

Real Bg.
Solid Bg.
GTSRB (real data = 99.64)
Luo et al. 97.25
(real data = 99.20)
SE
99.32 ± 0.25 99.25 ± 0.06
SJ
99.41 ± 0.05 99.39 ± 0.08
BTSC (real data = 99.30)
SE
98.86 ± 0.12 99.12 ± 0.04
SJ
98.92 ± 0.09 99.11 ± 0.09
rMASTIF (real data = 99.71)
SE
99.27 ± 0.14 99.47 ± 0.09
SJ
99.37 ± 0.08 99.26 ± 0.17
third to the background. These datasets are referred
to as:
• SES - Exponential brightness and Solid bgs;
• SJS - Johnson brightness dist. and Solid bgs;
• SER Exponential brightness and Real bgs;
• SJR - Johnson brightness dist. and Real bgs;
For each combination we created five datasets
varying the random seed.
Table 5 reports on the evaluation of introducing Perlin and Confetti Noise, considering the SES
datasets built with and without Perlin and confetti
noise. Results clearly show a very significant improvement when adding these two transformations.
Most of the gains are due to Perlin Noise since the
Confetti Noise is only applied to the smaller samples.
All further synthetic datasets are generated with these
transforms.
Results for a direct accuracy comparison between
real and synthetic data can be found in Table 6 together with the best result reported in (Luo et al.,
2018) with synthetic data. These results show that all
models trained with synthetic data are within less than
0.5% of the accuracy obtained with real data. This
represents a clear step in bridging the gap between
real and synthetic data.
Regarding the brightness option, the exponential
equation proved superior in the BTSC and rMASTIF
datasets. Results in GTSRB could potentially be justified by the fact that the brightness distribution curve
in this dataset is narrower than in the other datasets.
50

Table 7: Average accuracy results for merged datasets. (1)
- Lou et al., (2) - Real + SES, (3) - Real + SJS.

(1)
(2)
(3)

GTSRB
99.41
99.70 ± 0.04
99.75 ± 0.02

BTSC

rMASTIF

99.36 ± 0.05
99.40 ± 0.05

99.81 ± 0.04
99.84 ± 0.07

Table 8: Average accuracy results for ensembles.

GTSRB
99.82 ± 0.02

BTSC
99.38 ± 0.02

rMASTIF
99.79 ± 0.05

Considering the backgrounds, for both BTSC and
rMASTIF we got better results with solid backgrounds, as opposed to Araar et al.(Araar et al., 2020)
where this option was discarded due to poor results.
Again, the GTSRB dataset behaves differently. This
may be due to a bias in our real imagery for background, being closer to the backgrounds in GTSRB.
This issue requires further study in order to get a more
definitive answer.

4.2 Merge Real and Synthetic Data
This test consists of merging the synthetic and real
datasets into a single dataset. We considered the solid
background synthetic datasets with both brightness
options. Based on the previously built datasets, we
created 5 merged datasets for each brightness option.
Results in Table 7 shows a slight advantage when
using brightness information from the real dataset.

4.3 Ensembles
Since we have a number of models trained with different datasets it makes sense to consider ensembling
them. Our approach is to consider one of the synthetic
models, the real data model, and a merged model.
Since the merged models include synthetic data
with solid colour backgrounds, we shall pick a synthetic model with real backgrounds. To achieve a
more diverse set we are going to include the SER
model, which is less training set dependent than SJR
models, as the latter includes brightness information
from the training set. Hence our ensemble has only
three models, with one model of each category, i.e.,
SER, Real, and Merged (Real + SJS). This provides a
diverse ensemble with brightness computed both from
the exponential equation and Johnson distribution, as
well as real and solid colour backgrounds.
We evaluated the ensemble 5 times, each picking a
different combination of models. In practice we select
the ith model of each type to build the ith ensembles.

Bridging the Gap between Real and Synthetic Traffic Sign Repositories

Ensembles build with only 3 networks provide
worse results than single merged models for both
BTSC and rMASTIFF. The BTSC result was to be
expected as there is a significant set of images misclassified by most models. In rMASTIF we found a
similar situation to a lower degree.
When considering GTRSB, the result is above the
state of the art (99.81% from Haloi (Haloi, 2015)).
Although we’re comparing an ensemble (ours) with
a single network ((Haloi, 2015)), it is important to
notice that our ensembles have only 3 models, and
image input is 32x32 vs Haloi’s 128x128. From a
computational point of view our ensemble is cheaper
to evaluate, and the full ensemble has less trainable
parameters than a single network from (Haloi, 2015).
The best ensemble for GTSRB achieved an accuracy
of 99.85%.

4.4

Cross-testing

To assess the generalisation ability achievable with
the different synthetic datasets we performed a test
across different countries. Our approach is to evaluate a model trained in a country dataset, for instance
from Germany, in the common classes of the test set
of another country, for instance Belgium. By common classes we mean classes where the pictograms
have the same semantic meaning even though the pictograms may vary slightly from country to country,
see Figure 11.
For this evaluation we selected models trained
with real data (R), synthetic with exponential brightness and with solid colour backgrounds (SES). The
reason we chose the SES models is twofold: the
datasets for these models are easier to construct and
less biased since no background real imagery is required. Furthermore, these models do not have
any brightness information from the training dataset,
hence are less biased towards a particular dataset.
Essentially, from country to country, the synthetic
datasets vary in the number of classes and respective
templates.
By evaluating against test sets from other countries, we are in practice evaluating samples in different lighting conditions, captured with different cameras, and even minor differences on the sign pictograms. These circumstances should be similar to
those found in a deployment of these classifiers in assisted driving vehicles even when considering a single
country, as it is common to have multiple versions of
the same sign coexisting.
Results in Table 9 hint at a higher generalisation ability from the synthetic data when presented
with data acquired in different circumstances and/or

Figure 11: Sample signs from classes with the same semantic meaning from the three datasets: GTSRB, BTSC , and
rMASTIF.
Table 9: Accuracy results for cross-testing. Each column
group describes the dataset used; Rows indicate datasets
used for evaluation purposes. Second column reports on
the number of samples from the combined test datasets.

Test set

#
R SER SES
Trained for GTSRB
BTSC + rMASTIF
1829 97.18 98.33 98.30
Trained for BTSC
GTSRB + rMASTIF 6410 82.39 95.75 94.73
Trained for rMASTIF
GTSRB + BTSC 8029 90.24 94.50 95.41
slightly different pictograms. The accuracy values
reported are significantly higher for synthetic data,
and show more consistency for the different training
datasets.

4.5 Unleashing Synthetic Datasets
All previous datasets were built based only on the respective training sets, i.e, all the templates used are
for traffic signs that exist in the training sets, and may
therefore not be fully representative of the class. In
this section we will explore the potential of adding
further templates to cover some classes that have significant variations on the test that are not present in
the training set.
Note that in a real scenario it is perfectly legitimate to gather as many templates as possible, and this
does not represent significant additional human effort
apart from collecting the templates themselves.
Having signs that do not match exactly the samples from a particular class is a common problem in
real traffic sign recognition. As mentioned before,
this can be due to the introduction of new pictograms
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Figure 12: BTSC - Set of images misclassified by the majority of the models, both trained on real and synthetic data.

for previous classes, or different sign manufacturers.
The introduction of new signs is also a related issue. When this occurs, and assuming a real data only
approach, time is required for the signs to be placed
and images captured in sufficient numbers. Synthetic
signs are an excellent option to have the recognition
system dealing with these new signs from the start.
As the example shows, the only requirements are to
have the proper templates and to retrain the network.
With time, real images will become available which
can then be merged to the existing dataset, further increasing the model’s accuracy.
4.5.1

BTSC

Considering the BTSC we find a set of six images belonging to class 45 from the test set which are misclassified by the majority of the models, both trained
with synthetic and real data, see Figure 12. Since
there are no images from these traffic sign variations
in the training set, the synthetic datasets previously
built did not include these templates.
Figure 13 presents the templates that can be found
in the training set (left) and the two templates that correspond to the test set images in Figure 12. In BTSC
these all belong to the same class.
Five new enhanced instances of the SES datasets
were built, including the new templates for class 45
found in Figure 13. The models trained with these
datasets not only had 100% accuracy in class 45, but
also showed no adversarial effect from this addition,
surpassing the average accuracy result for the models
trained with real data.
Figure 14 presents the average test accuracy for
each epoch for both models trained with the enhanced
synthetic dataset and real dataset, showing that the enhanced synthetic datasets in general provided more
accurate models when compared to the real original
dataset.
We also tested merging one of these datasets with
the real BTSC dataset. After 40 epochs we got
99.76% accuracy, with only 6 misclassified images
out of 2520. This result surpasses the current state
of the art result of 99.72% reported in (Mahmoud and
Guo, 2019), with inputs that have a quarter of the pixels and a model with a lighter architecture. The best
epoch achieved an accuracy of 99.84%.
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Figure 13: BTSC - left: templates from the training set;
right: new templates from the test set (note: the text was
added just for the template and does not correspond to any
real sign).

Figure 14: BTSC - performance comparison between models trained with the enhanced synthetic training sets vs models trained with real data.

4.5.2

GTSRB

To create the new unleashed datasets we add templates to some classes, as can be seen in Figure 15.
These templates represent variations that are either
missing from the training set or are difficult to determine if they are present in the training set due to the
poor quality of some of the samples. Technically, the
sign in the centre of Figure 15 is not a traffic sign, but
it is a common combination, with this combination
being present in both the training and test sets.

Figure 15: Added templates for GTSRB.

For all the classes where new templates were
added we noticed a decrease in the number of misclassified samples, without relevant adverse consequences in other classes. Results in Table 10 show
a significant improvement in all synthetic models.
As in the Belgian case we also tested merging real
data with one of the SES and SJR models. The accuracy obtained was 99.80% for Real + SES, and
99.79% for Real + SJR. These are marginally below the state of the art results from (Haloi, 2015)
(99.81%), and our network has roughly a quarter of
the number of parameters (see Table 4), implying that
evaluation is much lighter in our case.

Bridging the Gap between Real and Synthetic Traffic Sign Repositories

Table 10: Results for unleashed GTSRB datasets.

SES
SER
SJS
SJR

Prev Results
99.25 ± 0.06
99.32 ± 0.25
99.39 ± 0.08
99.41 ± 0.05

Unleashed
99.41 ± 0.08
99.40 ± 0.10
99.50 ± 0.09
99.57 ± 0.04
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