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Traffic sign recognition is one of the most important tasks in autonomous driving. Camera-based computer vision techniques
have been proposed for this task, and various convolutional neural network structures are used and validated with multiple
open datasets. Recently, novel Transformer-based models have been proposed for various computer vision tasks and have
achieved state-of-the-art performance, outperforming convolutional neural networks in several tasks. In this study, our goal is
to investigate whether the success of Vision Transformers can be replicated within the traffic sign recognition area. Based on
existing resources, we first extract and contribute three open traffic sign classification datasets. Based on these datasets, we
experiment with seven convolutional neural networks and five Vision Transformers. We find that Transformers are not as
competitive as convolutional neural networks for the traffic sign classification task. Specifically, there are performance gaps of
up to 12.81%, 2.01%, and 4.37% existing for the German, Indian, and Chinese traffic sign datasets, respectively. Furthermore,
we propose some suggestions to improve the performance of Transformers.

1. Introduction

In recent years, both academia and industry have paid
increasing attention to autonomous driving, which can be
divided into two categories. One category is unmanned driv-
ing. More emphasis is placed on the autonomous driving of
the car to achieve a comfortable driving experience or save
labor costs. The representatives include unmanned vehicles
from Internet giants, such as Baidu, Google, and Apple.
Another category is the advanced driver assistance system
(ADAS), represented by the advanced driver assistance sys-
tem known as Autopilot 2.0 introduced by Tesla. Imple-
menting automatic driving can improve rode safety and
traffic efficiency. For people who die in traffic accidents every
year, using on-board sensors to detect related risks can effec-
tively reduce these accidents. Besides, it can save people’s
time and energy in learning to drive and human resources.
For example, the demand for logistics distribution in China
is increasing, in which automatic driving will make the
entire process more efficient. Assisted driving is the premise
of unmanned driving. Among the automatic driving, these

functions that ADAS can realize using sensors include adap-
tive cruising, lane departure warning, traffic sign recogni-
tion, and so on.

On the hardware side, both radar and cameras are used in
autonomous driving, for dealing with pedestrian detection,
road condition detection, vehicle detection, traffic sign recog-
nition, and more relevant problems. Different devices have
their own advantages and disadvantages. Laser radar is mainly
used to build a three-dimensional model of the surrounding
environment in real time. Millimeter-wave radar is mainly
used for adaptive cruising and automatic emergency braking.
Ultrasonic radar is used for reversing reminders and auto-
matic parking [1]. Cameras are widely used for lane departure
warning, forward collision warning, traffic sign recognition,
panoramic parking, and driver attention monitoring. Com-
pared to laser radar, millimeter-wave radar, and ultrasonic
radar, cameras are more suitable for pedestrian detection
and traffic sign recognition, with a lower cost [2].

Among the different tasks in autonomous driving, traffic
sign classification plays an important role in regulating traf-
fic and driving safely and supports the development of
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Figure 1: Continued.
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advanced driver assistance systems. Traditional computer
vision methods are used to detect and classify traffic signs,
but these solutions require much work to collect large-
volume images manually, which is very costly and time-
consuming [3]. Methods based on shape or color are also
widely used, but they have a common weakness in several
respects, such as illumination change, occlusion, scale
change, rotation, and translation. Even though these prob-
lems can also be solved by machine learning, a large anno-
tated data database is required. In recent years, deep
learning has been proposed for traffic sign recognition and
has achieved state-of-the-art performance. Research in the
field of deep learning has led to the emergence of many
models, such as VGG16 [4], ResNet [5], MobileNet [6],
and Transformer [7]. As one of the important factors con-
tributing to the success of deep learning, some open image
datasets have been used in previous studies, e.g., the German
Traffic Sign Recognition Dataset (GTSRB) [8].

In this study, we focus on the methods of traffic sign
classification. As far as the authors know, no previous stud-
ies have applied different variants of Vision Transformers in
this specific task. The Transformer structure is based on the
attention mechanism, which was initially proposed to solve
the sequence-to-sequence issue in the natural language pro-
cessing area. Unlike traditional recurrent neural networks
(RNNs), e.g., GRU or LSTM, and convolutional neural net-
works (CNNs), Transformer is an attention-only structure
without using recursion or convolution operations and
improving the parallel efficiency without damaging the per-
formance [7]. Introduced into the computer vision field,
Vision Transformers are proposed as novel solutions to
vision-related issues. Various Vision Transformer structures
are under development, including those we would use for

this study. In summary, we use five variants of Vision Trans-
formers, namely, the Vision Transformer model (ViT) [9],
RealFormer [10], Sinkhorn Transformer [11], Nyströmfor-
mer [12], and Transformer in Transformer (TNT) [13]. As
baselines, we also use seven convolutional neural networks,
namely, VGG16, ResNet, DenseNet [14], MobileNet, Squee-
zeNet [15], ShuffleNet [16], and MnasNet [17]. To accom-
plish the evaluation and comparison, we collect and build
three traffic sign datasets, which are then shared with the
research community.

The questions we want to investigate in this study are as
follows:

Whether Vision Transformers are effective for traffic
sign classification?

Whether Vision Transformers are as effective as convo-
lutional neural networks in this specific task?

Based on our experimental results, we find that Vision
Transformers are more effective on smaller datasets. With
increasing data size, their performance degrades consider-
ably. Additionally, Vision Transformers are not as competi-
tive as convolutional neural networks for the traffic sign
classification task for now. Specifically, there are perfor-
mance gaps of up to 12.81%, 2.01%, and 4.37% for the Ger-
man, Indian, and Chinese traffic sign datasets between the
best Transformer and the best CNN, respectively. CNNs
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Figure 1: Data distribution of the three traffic sign datasets: (a) the German traffic sign dataset; (b) the Indian traffic sign dataset; (c) the
Chinese traffic sign dataset.

Table 1: Data distribution of the traffic sign datasets.

Dataset Classes Data balance

German 43 0.9252

Indian 15 0.9247

Chinese 103 0.8612
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tend to converge faster than Vision Transformers and we
use a longer epoch for Vision Transformers in this study.
Among different Vision Transformer structures, RealFormer
and Transformer are more effective variants of ViT, while
Sinkhorn Transformer and Nyströmformer are less attrac-
tive for traffic sign classification.

Our contributions in this study are summarized as
follows:

(1) We contribute three datasets for traffic sign classifi-
cation with the same data format derived from open
resources for comparing both convolutional neural
networks and Vision Transformers. The datasets
are publicly available (http://github.com/jwwthu/
DL4Traffic/tree/main/Traffic_Sign_Datasets).

(2) According to the experiments on these three data-
sets, we demonstrate that Vision Transformers are
not as competitive as convolutional neural networks
for the traffic sign classification task for now limited
to our experimental models

(3) We present a detailed comparison as a reference for
future work in this paper as well as possible future
research directions to improve the performance of
Vision Transformers

The following parts of this paper are organized as follows.
Related works are reviewed in Section 2. The datasets we con-
tribute are described in Section 3. The models we investigated
are discussed in Section 3. The experiments are analyzed in
Section 4. Conclusions are drawn in Section 5.

2. Related Work

In this section, we give a brief overview of convolutional
neural networks for image classification and the current
progress in solving traffic sign recognition issues.

2.1. Convolutional Neural Networks. Convolutional neural
networks have been widely used in the computer vision area
as well as other fields including the traffic domain [18, 19].

In this study, we use seven different convolutional neural
networks, covering both the normal and lightweight struc-
tures which are with small size of parameters. Lightweight
CNNs are particularly designed for low-resource devices
and suitable for deployment in cameras or smartphones.
The CNNs we use include VGG16 [4], ResNet [5], DenseNet
[14], MobileNet [6], SqueezeNet [15], ShuffleNet [16], and
MnasNet [17]. As one of the pioneers, VGG16 [4] was pro-
posed in 2014, which is composed of several convolutional
layers and pooling layers and achieves a second top perfor-
mance in the ImageNet competition, demonstrating the pros
of using more convolutional layers. ResNet [5] was proposed
in 2016, which introduces the residual structure and greatly
improves the training efficiency of much deeper neural net-
works at that time. DenseNet [14] was proposed in 2017 and
proposes a new network structure, e.g., a dense block. In the
dense block, the input of each convolution layer is the con-
catenation of feature map outputs by all convolution layers
before the block.

MobileNet [6] was proposed in 2017 and is a representa-
tive lightweight network with depth-wise separable convolu-
tion. The network width and input resolution of MobileNet
can be arbitrarily changed by setting two hyperparameters,
namely, the width multiplier and resolution multiplier.
SqueezeNet [15] is another lightweight network with the fire
module, in which both the squeeze layer and expand layer
are used to reduce model parameters.

ShuffleNet [16] was proposed in 2017, which combines
group convolution and depth-wise separable convolution.
It proposes pointwise group convolution to avoid a large
number of 1 × 11 × 1 convolution computations. Channel

Table 2: Data size of the traffic sign datasets.

Dataset Training set Validation set Testing set

German 31,367 7,842 12,630

Indian 1,264 316 396

Chinese 11,627 2,907 3,634

(a) (b)

(c) (d)

(e) (f)

Figure 2: Image samples of the three traffic sign datasets: (a) the most popular five classes for the German traffic sign dataset; (b) images
from the five classes with the least number in the German traffic sign dataset; (c) the most popular five classes for the Indian traffic sign
dataset; (d) images from the five classes with the least number in the Indian traffic sign dataset; (e) the most popular five classes for the
Chinese traffic sign dataset; (f) images from the five classes with the least number in the Chinese traffic sign dataset.
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shuffle is used to alleviate the side effects brought by group
convolution, and the network structure is designed based
on the redundant block, so that the computation of the net-
work can be reduced and the high performance can still be
maintained. MnasNet [17] was put forward in 2019. The
decomposed hierarchical search space maintains the net-
work layer diversity, while the search space is still very sim-
ple, which is better than the current manually designed
networks and automatically searched networks in both accu-
racy and time consumption.

2.2. Traffic Sign Recognition. Traffic sign recognition prob-
lems are widely seen in the literature. A comprehensive sur-
vey on traffic sign detection, tracking, and classification and
the investigated details of algorithms, methods, and their
specifications on detection, tracking, and classification can
be found in [20].

Most of the previous work is aimed at improving the
detection and classification performance with deep learning,
especially convolutional neural networks. An improved traffic
sign detection and recognition model is proposed for intelli-
gent vehicles [21], which is based on the classical LeNet-5
model. The new model uses the Gabor kernel as the initial
convolutional kernel and adds batch normalization processing
after the pooling layer. An accuracy of 99.75% is achieved in
the evaluation. To overcome the impact of scale and rotation,
a new method is presented in [22], which only needs one ref-
erence image to recognize the traffic sign. Using the captured
image pair, a virtual image is generated and further used.
Experiments show that the proposed method significantly
improves recognition performance with a minimum number
of reference images and reaches 93.1% accuracy, which enjoys
a 4.9% improvement over traditional methods. A weighted
multi-CNN trained with a novel methodology in [23] finally
achieved a state-of-the-art recognition accuracy of 99.59%
when tested on the German traffic sign recognition bench-
mark dataset. Additionally, the proposed classifier is less com-
plex than the existing classifiers.

Some of the existing studies focus on the lightweight
models that are suitable for deployment on resource-

limited devices. For resource-limited electronic devices,
small, lightweight, accurate deep convolutional neural net-
works (ConvNets) are investigated in [24] for fast traffic sign
recognition. Using uniform macroarchitecture and depth-
wise separable convolution, two models named qNet and
sqNet are found to be more efficient with less parameters
and computations. Two lightweight networks are used as
the teacher network and student network in [25], which
can obtain a higher recognition precision with fewer train-
able parameters and are suitable for deployment on mobile
embedded devices. A lightweight SPPN-CNN traffic sign
recognition method is proposed in [26], which fuses tech-
niques including image normalization, affine transforma-
tion, contrast limited adaptive histogram equalization
(CLAHE), spatial pyramid pooling (SPP), and batch normal-
ization (BN). The model achieves 98. 04% classification
accuracy in GTSRB and a recognition rate of 3,000 fps in
low GPU allocation.

Datasets are necessary for relevant studies. There are many
studies with a focus on contributing new datasets. A dataset is
built in [27] for traffic sign detection, which contains 10,500
images that are captured from Chinese roads under real envi-
ronmental conditions from 73 traffic sign classes. Based on the
new dataset, an application is further proposed for embedded
implementation by using the deep learning technique based
on convolutional neural networks. The proposed application
achieves high performance in both accuracy and speed. In
addition, the application was developed for embedded imple-
mentation thanks to the lightweight size of the deep learning
model used for traffic sign detection.

Apart from Vision Transformers, multiple convolutional
neural networks have also been evaluated and compared in
previous studies. For example, an experimental comparison
of eight traffic sign detectors based on deep neural networks
is conducted in [28]. Different metrics are used, e.g., accu-
racy, speed, memory consumption, number of floating point
operations, and number of learnable parameters that can be
used in CNN. These works reveal valuable insights that help
practitioners choose and deploy an appropriate traffic sign
detector in actual systems.

Transformer encoder

Patch + position
embedding 1 162 3 4 5 6 7 8 9 10 11 12 13 14 15

Linear projection of flattened patches

0 ⁎

MLP
classifier

Predicted traffic
sign classes

128×128 4×4 Image patches

Figure 3: The Vision Transformer structure used in this study.
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3. Method

3.1. Datasets. In this study, we contribute three different traf-
fic sign datasets extracted from previous studies, namely, the
German traffic sign, the Indian traffic sign, and the Chinese
traffic sign dataset. Since our research focuses on traffic sign
classification, we leverage the existing traffic sign detection
datasets with bounding boxes and labels to build these traffic
sign classification benchmarks. Specifically, the German traf-
fic sign dataset comes from the famous German Traffic Sign
Recognition Dataset (GTSRB) [8]. The Indian traffic sign
dataset comes from an open Indian Cautionary Traffic sign
dataset (http://ieee-dataport.org/documents/indian-
cautionary-traffic-sign-data-set). The Chinese traffic sign
dataset comes from the CSUST Chinese Traffic Sign Detec-
tion Benchmark [25]. For all the traffic sign images extracted
from the original images using bounding boxes, we unify
their resolution by resizing all images to 128 × 128 pixels.
For the German and Indian traffic signs, we use the original
classes as the labels. For the CSUST Chinese Traffic Sign
Detection Benchmark, only three labels are provided, i.e.,

mandatory, prohibitory, and warning, which are not enough
for traffic sign classification. We randomly assigned the
images to the two of us. Mr. Jiang marks the result, and I
cross-check to prevent personal bias. We choose only the
classes with at least 10 images. The same requirement for
the minimum number of images within a single class is also
applied for the German and Indian datasets. Finally, we
retain 43 classes for the German traffic sign dataset, 15

Table 3: Hyperparameters for ViT and its variants.

Hyperparameter Value

Number of classes Refer to Table 1

Image patch size 32

Output dimension of the encoder 1024

Number of Transformer blocks 6

Number of heads in multihead attention layer 16

Dimension of the MLP layer 2048

Dropout rate 0.1

Embedding dropout rate 0.1

Table 4: Hyperparameters for TNT.

Hyperparameter Value

Number of classes Refer to Table 1

Image patch size 32

Image pixel size 4

Dimension of patch token 256

Dimension of pixel token 12

Number of TNT blocks 4

Attention dropout rate 0.1

Feedforward dropout rate 0.1

MLP

Norm

Norm

+

+L×

Multi-head
attention

Embedded
patches
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MLP

Multi-head
attention

Embedded
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+
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(b)

Figure 4: Transformer encoder structures: (a) ViT [9] and (b) RealFormer [10].

Outer T-Block

+ Inner T-BlockLinear Concat

Patch embedding Pixel embeddings

TNT

Figure 5: The Transformer in Transformer block [13].
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classes for the Indian traffic sign dataset, and 103 classes for
the Chinese traffic sign dataset.

The data sample distributions of different classes are
shown in Figure 1. For a better visualization, we plot the distri-
bution in decreasing order and omit the traffic sign class
names in the x-axis. We can further use Shannon entropy to
evaluate the dataset imbalance. For example, the Chinese traf-
fic sign data distribution is more skewed than the other two,
which corresponds to the case in which the dataset is more
imbalanced. The Shannon entropy H is calculated as follows:

H = −〠
k

i=1

ci
n
log ci

n
, ð1Þ

where k is the number of classes, ci is the number of images of
class i, and n is the total number of images in a dataset. When
the dataset is highly skewed, e.g., there is only one class, the
entropy H is zero. In contrast, if the dataset is perfectly bal-
anced, i.e., each class has n/k images, the entropy H is log k.

Then, we can define a data balance metric that is nor-
malized to ½0, 1� as follows:

DataBalance = H
log k , ð2Þ

where H is the Shannon entropy and k is the number of clas-
ses. When there is only one class, the data balance is 0.
When the dataset is perfectly balanced, the data balance is
1. Using this metric, we calculate the data balance for each
traffic sign dataset and show the result in Table 1. The Ger-
man traffic sign dataset has the highest data balance, while
the Chinese traffic sign dataset has the lowest data balance,
which is consistent with the skewness in Figure 1.

Image samples from the classes with the most number
and the least number are both shown in Figure 2. While

these traffic sign images are extracted from different sources,
they are unified into the same data format with the size of
128 × 128, as demonstrated in Figure 2. We can also observe
that these images are captured with different angles, lighting
conditions, and occlusion situations, which makes the traffic
sign classification task more challenging.

We further divide the three datasets into training/valida-
tion/testing subsets, and the data sizes of the traffic sign data-
sets are shown in Table 2. The German traffic sign dataset has
the most images, as shown in Table 2, while the Chinese traffic
sign dataset has the most classes, as shown in Table 1.

3.2. Models. In this study, we use the state-of-the-art Vision
Transformer model (ViT) [9] and its variants, including Real-
Former [10], Sinkhorn Transformer [11], Nyströmformer
[12], and Transformer in Transformer (TNT) [13]. Since a full
collection of Transformer structures is beyond the scope of
this study, more variants can be found in recent surveys.

3.2.1. Vision Transformer. The overall structure of the stan-
dard Vision Transformer used in our study is shown in
Figure 3. The notations are consistent with the original
paper [9]. In the ViT structure, the first step is to divide
the original images into small patches, which are similar to
the tokens used in natural language processing tasks. For
example, the 128 × 128 image is cut into 4 × 4 = 1632 × 32
image patches, as shown in Figure 3. Then, these patches
are organized in a vector format and added to the positional
encoding as the input to the Transformer encoder. Instead of
using the fixed method in the original Transformer, posi-
tional encoding is learned as parameters in the Vision
Transformer. Different variants of Transformer can be used
as the encoders. Finally, the first output of the Transformer
encoder is used as the input of the multilayer perceptron
(MLP) classifier, which generates the final predicted traffic
sign classes.
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The original Transformer encoder structure is shown in
Figure 4(a). In each block, there are the following compo-
nents: multihead self-attention (MSA) [9], MLP, and layer
normalization (LN). We denote the original image as x ∈
RH×W×C , where ðH,WÞ = ð128,128Þ is the resolution of the
original image and C = 3 is the number of channels. Then,
we reshape the original image into a sequence of patches
xp ∈R

N×ðP2·CÞ, where ðP, PÞ is the resolution of each image
patch and N =HW/P2 is the total number of patches. The
Transformer encoder encodes the image patch into a vector
with the size of D. We add the traffic sign class xclass as a
learnable embedding. The input of the Transformer encoder
is denoted as z0, and the output is denoted as zL, where L is
the number of duplicate blocks used in the encoder. Then,
the overall encoder process can be stated as follows [9]. In
the first step, the input image patches are added with posi-
tional encoding:

z0 = xclass ; x1pE ; x2pE;⋯;xNp E
h i

+ Epos, ð3Þ

where E ∈RðP2·CÞ×D is the input embedding and Epos ∈
RðN+1Þ×D is the positional encoding. Then, the MSA, MLP,
and LN components are applied L times:

zℓ′ =MSA LN zℓ−1ð Þð Þ + zℓ−1, ð4Þ

zℓ =MLP LN zℓ−1′
� �� �

+ zℓ−1′ , ð5Þ

where ℓ = 1,⋯, L. Then, the final output y of the encoder is

y = LN z0L
� �

, ð6Þ

where z0L denotes the first element of zL.

3.2.2. RealFormer. RealFormer [10] is a simple residual
attention layer Transformer architecture, which is shown
in Figure 4(b). The key idea is to add the residual connection
to propagate attention scores between the multihead atten-
tion blocks, which is simple yet effective.

Table 5: Training settings.

Name Value

Batch size 64

Optimizer Adam

Learning rate 3e − 5
Loss function Cross entropy

Epoch

CNNs Transformers

German & Chinese datasets Indian dataset

20 50 100

Table 6: Evaluation results on the traffic sign datasets.

Model Germany India China
Training Validation Testing Training Validation Testing Training Validation Testing

Convolutional neural networks

VGG16 99.89% 99.94% 98.84% 99.77% 98.75% 98.44% 99.65% 99.52% 99.21%

ResNet 99.88% 99.82% 98.37% 99.92% 99.06% 97.47% 99.72% 99.41% 99.25%

DenseNet 99.97% 99.90% 98.82% 100.00% 99.38% 98.59% 99.95% 99.69% 99.42%

MobileNet 99.87% 99.56% 97.41% 99.77% 96.83% 95.98% 99.70% 98.40% 98.05%

SqueezeNet 99.52% 99.56% 96.69% 98.54% 96.21% 96.65% 99.21% 98.91% 98.24%

ShuffleNet 98.96% 98.81% 95.49% 99.92% 98.75% 99.11% 98.96% 98.84% 95.53%

MnasNet 99.96% 99.18% 96.17% 100.00% 98.10% 96.80% 99.67% 99.18% 96.26%

Vision Transformers

ViT 98.27% 98.89% 83.77% 98.80% 96.54% 97.10% 94.35% 94.79% 93.53%

ViT (RealFormer) 98.45% 99.19% 86.03% 98.67% 95.94% 96.65% 93.62% 94.21% 94.22%

ViT (Sinkhorn Transformer) 94.69% 97.04% 82.29% 95.99% 94.02% 94.79% 80.68% 85.61% 84.71%

ViT (Nyströmformer) 79.15% 83.15% 62.41% 90.47% 80.13% 80.95% 86.97% 79.08% 79.10%

TNT 96.83% 97.73% 84.39% 97.71% 92.75% 94.42% 96.25% 94.52% 95.05%

Performance gap

CNN (best)-Transformer (best) 12.81% 2.01% 4.37%

8 Wireless Communications and Mobile Computing



0

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

5 10 2015
Training epoch

Lo
ss

Training loss
Validation loss

(a)

1.00

0.95

0.90

0.85

0.80

0 5 10 2015

Training epoch

Training accuracy

M
od

el
 ac

cu
ra

cy

Validation accuracy

(b)

0.0

0.5

1.0

1.5

2.0

Lo
ss

0 5 10 2015
Training epoch

Training loss

Validation loss

(c)

1.0

0.9

0.7

0.8

0.3

0.4

0.5

0.6

M
od

el
 ac

cu
ra

cy

0 5 10 2015

Training epoch

Training accuracy
Validation accuracy

(d)

Figure 7: Continued.
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3.2.3. Sinkhorn Transformer. The key idea of Sinkhorn
Transformer [11] is to use a cost matrix to limit attention,
with the implementation of causal Sinkhorn balancing and
sortCut, which tailors Sinkhorn attention and minimizes
model parameters greatly.

3.2.4. Nyströmformer. The key idea of Nyströmformer [12] is
to use the Nyström method to approximate the standard
self-attention operation. The standard self-attention opera-
tion has a complexity of Oðn2Þ where n is the length of an
input sequence, while Nyströmformer approximates the
attention with a complexity of OðnÞ, which reduces both
the memory consumption and running time.

3.2.5. Transformer in Transformer. The key idea of Trans-
former in Transformer (TNT) [13] is to use two Trans-
former blocks for both the patch embedding and pixel
embeddings, as shown in Figure 5. The outer Transformer
block (Outer T-Block) is used for patch embedding as usual,
while the inner Transformer block (Inner T-Block) is added
to extract local features from pixel embeddings. Then, the
pixel-level features are mapped and added with the patch
embedding with the linear layer. Transformer in Trans-
former achieves a better image classification performance
by stacking the TNT block, when compared with the stan-
dard Vision Transformer model.

4. Experimental Results and Discussion

In this section, we present the evaluation experiments and
the results analysis. All the experiments are performed on
a desktop with a Windows 10 OS, Intel i5-9600K CPU,
and NVIDIA GeForce RTX 2070 GPU. All the models are
implemented with Python and the PyTorch package. We

use the off-the-shelf CNN implementations provided by
PyTorch with the default settings. The hyperparameter set-
tings for ViT and its variants are shown in Table 3, while
the hyperparameter settings for TNT are shown in Table 4.

The comparison of the total parameters is shown in
Figure 6. Compared with the original Vision Transformer,
all variants reduce the parameters with a ratio varying from
9x to 33x. However, compared with CNNs, Transformers
may not have the advantage of using fewer model parame-
ters; e.g., SqueezeNet uses the fewest number of parameters
among the models evaluated in this study.

The training settings are shown in Table 5. The major
difference between the CNNs and Transformers is the choice
of epochs. We use a smaller training epoch for CNNs
because the off-the-shelf CNNs are pretrained on the Ima-
geNet dataset and tend to converge faster than Trans-
formers, as we show later. Another reason is that Vision
Transformer requires a longer training time to be effective
as shown in previous studies [29]. Furthermore, we choose
a longer training time for the Transformers applied to the
Indian dataset because this dataset is far smaller than the
other two datasets, and by practice, we found that it would
be better to train the Transformers even longer.

The comprehensive evaluation results are shown in
Table 6. We first evaluate the performance gap between
CNNs and Transformers by calculating the difference in
the testing accuracy between the best CNN and the best
Transformer evaluated in this study. We find that Trans-
formers are not as competitive as CNNs for the traffic sign
classification task. Specifically, there are performance gaps
of up to 12.81%, 2.01%, and 4.37% for the German, Indian,
and Chinese traffic sign datasets, respectively. We also find
that the performance gap decreases with a smaller data size,
with a longer training time cost used by Transformers.
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Figure 7: Training histories of VGG16: (a) loss versus epoch in the German traffic sign dataset; (b) accuracy versus epoch in the German
traffic sign dataset; (c) loss versus epoch in the Indian traffic sign dataset; (d) accuracy versus epoch in the Indian traffic sign dataset; (e) loss
versus epoch in the Chinese traffic sign dataset; (f) accuracy versus epoch in the Chinese traffic sign dataset.
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Figure 8: Continued.
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However, the generalization ability of Transformers is not as
strong as that of CNNs, as shown in the German traffic sign
dataset, when both training and validation accuracies are
comparable with CNNs, but the testing accuracy drops dra-
matically. We also find the RealFormer and Transformer in
Transformer are more effective variants of ViT, while Sink-
horn Transformer and Nyströmformer are less attractive
for traffic sign classification.

For a better comparison between CNNs and Trans-
formers, we choose VGG16 and ViT as representatives and
present the loss and accuracy versus epoch plots during the
training process in Figures 7 and 8. As we discussed earlier
in this section, CNNs converge much faster, as shown in
example VGG16. For the Transformer case, we observe that
it converges more slowly on the small Indian dataset; thus,
we use a longer training time.

Based on our evaluation results, some future directions
can be summarized as follows. With an increasing number
of Transformer variants being proposed for the visual tasks,
it is still unclear which variant would be more effective
from the theoretical perspective. Currently, trial-and-error
is unavoidable for choosing the best Transformer structure
that may surpass convolutional neural networks and be
applied in real-world autonomous driving systems. Our
evaluations could only be the first step, and more compar-
isons are needed. Another direction is to pretrain the
Transformers on a larger image dataset and use the transfer
learning scheme for other tasks. It has been proven effective
in previous studies and is worthy of further investigation
for traffic sign classification based on our proposed datasets
which are publicly available. In addition, Transformer has
more parameters and higher computational complexity, so
we can try to put forward new structures to reduce compu-
tation in the future.

5. Conclusion

Researches on the application of CNN and Vision Trans-
former in computer vision have mushroomed in the past
years. In image recognition, CNN has natural inductive bias
for image problems, such as translation invariance and the
bionic characteristics of CNN, which makes CNN easier on
image problems; in contrast, Transformer does not have this
advantage [30]. Besides, in driver distracted detection, CNN
outperforms Vision Transformer for specific downstream
tasks or dealing with a low amount of data in [31]. However,
Transformer also shows that it can outperform CNN in some
aspects, e.g., in Digital Holography (DH); Transformer can
reach similar accuracy and is more robust than CNN with
the problem of autofocusing as a classification problem [32].
As for weed and crop classification of high-resolution UAV
images, ViT models also perform better compared to state-
of-the-art CNN-based models EfficientNet and ResNet [33].

In this paper, we find that CNNs are more competitive than
Transformers for the traffic sign classification task. Specially,
there are performance gaps of up to 12.81%, 2.01%, and 4.37%
for the German, Indian, and Chinese traffic sign datasets, respec-
tively. As we can see, with a smaller data size, with a longer train-
ing time cost used, the performance gap is getting smaller.

Traffic sign recognition and autonomous driving remain
to be very challenging tasks nowadays. The various issues for
autonomous driving are not fully solved even with the devel-
opment of deep learning which is powered by convolutional
neural networks. Vision Transformers are proposed as a new
promising solution; however, their performance is not as
competitive as existing CNNs for the traffic sign classifica-
tion task based on our experimental results, as we validated
in this study. The performance gap between Transformers
and CNNs may be filled with more effective Transformer
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Figure 8: Training histories of ViT: (a) loss versus epoch in the German traffic sign dataset; (b) accuracy versus epoch in the German traffic
sign dataset; (c) loss versus epoch in the Indian traffic sign dataset; (d) accuracy versus epoch in the Indian traffic sign dataset; (e) loss versus
epoch in the Chinese traffic sign dataset; (f) accuracy versus epoch in the Chinese traffic sign dataset.
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structures or pretraining strategies, e.g., the combination of
convolution and attention, which are left for future studies.

Abbreviations

ADAS: Advanced driver assistance system
GTSRB: German Traffic Sign Recognition Dataset
RNNs: Recurrent neural networks
GRU: Gated recurrent unit
LSTM: Long-short-term memory
CNNs: Convolutional neural networks
ViT: Vision Transformer
SPPN-CNN: Spatial pyramid pooling convolutional

neural network
CLAHE: Contrast limited adaptive histogram

equalization
SPP: Spatial pyramid pooling
BN: Batch normalization
CSUST: Changsha University of Science and

Technology
TNT: Transformer in Transformer
LN: Layer normalization
MSA: Multihead self-attention
MLP: Multilayer perceptron
Outer T-Block: Outer Transformer block
Inner T-Block: Inner Transformer block.
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