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Vision-based traffic sign detection plays a crucial role in intelligent transportation systems. Recently, many approaches based on
deep learning for traffic sign detection have been proposed and showed better performance compared with traditional
approaches. However, due to difficult conditions in driving environment and the size of traffic signs in traffic scene images, the
performance of deep learning-based methods on small traffic sign detection is still limited. In addition, the inference speed of
current state-of-the-art approaches on traffic sign detection is still slow. This paper proposes a deep learning-based approach to
improve the performance of small traffic sign detection in driving environments. First, a lightweight and efficient architecture is
adopted as the base network to address the issue of the inference speed. To enhance the performance on small traffic sign
detection, a deconvolution module is adopted to generate an enhanced feature map by aggregating a lower-level feature map
with a higher-level feature map. Then, two improved region proposal networks are used to generate proposals from the highest-
level feature map and the enhanced feature map. The proposed improved region proposal network is designed for fast and
accuracy proposal generation. In the experiments, the German Traffic Sign Detection Benchmark dataset is used to evaluate the
effectiveness of each enhanced module, and the Tsinghua-Tencent 100K dataset is used to compare the effectiveness of the
proposed approach with other state-of-the-art approaches on traffic sign detection. Experimental results on Tsinghua-Tencent
100K dataset show that the proposed approach achieves competitive performance compared with current state-of-the-art
approaches on traffic sign detection while being faster and simpler.

1. Introduction

Vision-based traffic sign recognition plays an essential role in
intelligent transport systems such as an automated driving
system and an advanced driver assistance system. A traffic
sign recognition system normally includes two stages: traffic
sign detection and traffic sign recognition. Traffic sign detec-
tion takes images captured from a camera to locate exactly
traffic sign regions, while traffic sign recognition classifies
each traffic sign into a corresponding class. Detected traffic
signs from a detection stage are utilized as inputs for a recog-
nition stage. Thus, the accuracy of traffic sign detection has a
dramatic effect on the accuracy of the whole system. Many
approaches have been proposed to detect traffic sign [1]. Tra-
ditional methods [2–7] are usually based on hand-crafted
features such as color, texture, edge, and other low-level fea-
tures to detect traffic sign in an image. In driving environ-

ment, due to the diversity of the traffic sign appearance, the
occlusion of traffic sign by other objects, and the effect of
lighting conditions, traditional methods for traffic sign detec-
tion showed poor performance.

With the fast development of deep learning recently, many
deep learning-based approaches for traffic sign detection [8–
15] have been proposed and showed outstanding performance
compared with traditional approaches. Deep learning-based
methods for traffic sign detection first create traffic sign candi-
dates, and classifiers are then used to identify traffic sign and
background class. Although deep learning-based methods
for traffic sign detection performed well in difficult driving
environments, the performance of these methods is still low
in challenging conditions as discussed below:

(i) The size of traffic signs is quite small in traffic scene
images, and small traffic sign detection is much more
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challenging than large traffic sign detection. Most
recent methods for traffic sign detection are focused
on a large traffic sign. Thus, the performance of these
methods is limited on small traffic sign detection

(ii) The inference speed of the traffic sign detection
method is a large concern in driving environments
where vehicles are unlikely to be equipped with
high-end hardware components. Most recent
methods for traffic sign detection are implemented
on high-end systems. Thus, it is necessary to build a
faster framework for traffic sign detection in driving
environments

To tackle these issues, this paper designs a deep learning-
based framework for fast and efficient traffic sign detection.
The proposed framework uses ESPNetv2 network [16] as
the based convolution layers for increasing the processing
speed. To enhance the performance of the proposed frame-
work on small traffic sign detection, a deconvolution module
is used to create an enhanced feature map from convolution
feature maps generated by the base network. In the proposal
generation process, two improved region proposal networks
(RPNs) are adopted to generate both large and small traffic
sign proposals from input convolution layers. The improved
region proposal network is designed based on the original
region proposal network [17] for fast and efficient proposal
generation. The proposed approach is evaluated on the
German Traffic Sign Detection Benchmark dataset and
Tsinghua-Tencent 100K dataset. The results show that the
proposed approach achieves competitive performance com-
pared with current state-of-the-art approaches while being
faster and simpler. The main contributions of this paper
can be summarized as follows:

(i) For the purpose of fast and efficient traffic sign
detection, this paper adopts a lightweight deep
network as the base network. The proposed base
network substantially reduces the computational
costs of the whole framework

(ii) To generate proposals, this paper designs a novel
RPN based on the original RPN to increase the
inference speed and detection accuracy of the pro-
posed framework. In the improved RPN, 1 × 1
convolution layer is first used after the input fea-
ture maps to reduce the number of parameters.
Then, dilated convolution is used to enlarge the
receptive field, thus including more information
from other areas to help recognize the boundaries
of objects and maintaining the number of param-
eters. The proposed RPN can be adopted in other
object detection tasks such as pedestrian detection
and vehicle detection

(iii) To improve the performance of the proposed net-
work on small traffic sign detection, a deconvolution
module is used to generate enhanced feature map,
which contains more discriminative representation
for small traffic signs. The deconvolution module

enhances the shallow feature map from a lower fea-
ture layer with a deeper feature map from a higher
feature layer

(iv) To further improve the detection performance of
the proposed network, a region proposal genera-
tion module including two improved RPNs is
designed to produce a set of good proposals from
the enhanced feature map and the highest-level
feature map

(v) Experimental results on public datasets show that
the proposed approach achieves comparable accuracy
compared with other state-of-the-art approaches on
traffic sign detection while being faster and simpler.
The proposed framework can be applied in real-
time intelligent transport systems

The remaining of this paper is organized as follows.
Section 2 reviews the related work. Section 3 details the pro-
posed framework. Section 4 provides the experimental results
and comparison between the proposed method and other
methods on public datasets. Finally, the conclusions are
drawn in Section 5.

2. Related Work

2.1. Traffic Sign Detection. Vision-based traffic sign detection
can be divided into two groups: traditional method and deep
learning-based method. Traditional methods are usually
based on hand-crafted features such as color and shape to
detect traffic signs. Bahlmann et al. [2] proposed using a set
of Haar wavelet features obtained from AdaBoost training
to detect traffic signs and Bayesian generative modeling for
classification. Salti et al. [3] proposed an approach based on
interest region extraction rather than sliding window detec-
tion. In addition, the SVM classifier which takes histogram
of oriented gradients in the regions of interest as the input
feature is used for classification. In [4], the authors utilized
circle detection algorithm and an RGB-based color thresh-
olding technique to detect traffic sign. For traffic sign recog-
nition, an ensemble of features including histogram of
oriented gradients, local binary patterns, and Gabor features
is employed within a support vector machine classification
framework. Timofte et al. [5] proposed to combine 2D and
3D techniques to improve results of traffic sign detection
and recognition. In [6], a localization refinement approach
for traffic sign candidates was proposed. Color and shape
priors are utilized in an iterative optimization approach to
accurately segment the traffic signs as foreground objects.
In [7], the authors proposed a system with three working
stages: image preprocessing, detection, and recognition. The
proposed system demonstrated that using RGB color seg-
mentation and shape matching followed by a support vector
machine classifier leads to promising results. Manual fea-
tures, such as histogram of oriented gradients and enhance-
ment information of typical color or geometric shape, tend
to fail in many difficult driving environments. Thus,
traditional methods for traffic sign detection showed poor
performance.
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Recently, with the fast development of deep convolu-
tional neural networks (CNN), many methods for traffic sign
detection based on deep CNN have been proposed and
showed better performance compared with traditional
methods. Wu et al. [10] proposed to use support vector
machines to transform the original image into the gray scale
image at first stage. A convolutional neural network with
fixed and learnable layers was then used for detection and
recognition traffic signs. In [11], the authors proposed a
novel framework with two deep learning components,
including fully convolutional network-guided traffic sign
proposals and deep CNN for object classification. Zhu et al.
[9] proposed a fully convolutional network which performs
both detection and classification simultaneously. Liu et al.
[8] proposed the multiscale region-based convolutional neu-
ral network which uses a multiscale deconvolution operation
to upsample the features of the deeper convolution layers and
concatenates them to those of the shallow layer to construct
the fused feature map. In [12], a detector based on faster
R-convolutional neural networks and the structure of
MobileNet was designed and implemented for detecting
traffic sign in driving environments. Moreover, color and
shape information has been used to refine the localizations
of small traffic signs. Yang et al. [13] designed a novel
detection module based on traffic sign proposal extraction
and classification built upon a color probability model and
a color histogram of oriented gradient. Then, a convolu-
tional neural network is used to further classify the
detected signs into their subclasses within each superclass.
Li et al. [14] proposed a model with three stages: channel-
wise coarse feature extraction is first adopted to produce
coarse feature maps with much information loss, channel-
wise hierarchical feature refinement is then used to refine
hierarchical features, and hierarchical feature map fusion is
used at the final stage to fuse hierarchical feature maps to
generate the final traffic sign saliency map. In [15], the
authors introduced an attention network to Faster R-CNN
for finding potential region of interest and roughly classifying
them into three categories according to color feature of the
traffic signs. Then, the fine region proposal network is
designed to produce the final region proposals from a set of
anchors per feature map location. Zhang et al. [18] proposed
a cascaded R-CNN to obtain the multiscale features in pyra-
mids and a multiscale attention method to obtain the
weighted multiscale features by dot product and softmax to
highlight the traffic sign features and improve the accuracy
of the traffic sign detection. In [19], the authors proposed
novel lightweight networks that can obtain higher recogni-
tion precision while preserving less trainable parameters in
the models. In addition, a new module combines two streams
of feature channels with dense connectivity was introduced
to improve the accuracy of traffic sign recognition.

2.2. Small Object Detection. In a traffic scene image, traffic
signs usually occupy only a small portion of the entire image.
In addition, small object detection is much more challenging
than large object detection. Thus, many deep learning
frameworks have been proposed to enhance the information
representation of small objects in convolution feature maps.

Zhang et al. [20] proposed a model that consists of a region
proposal network that generates candidate object regions
and an object detection network that incorporates multiscale
features and global information. In [21], the authors pro-
posed a unified deep CNN for fast multiscale object detec-
tion. In this framework, the detection is performed at
various intermediate network layers to enable the detection
of all object scales. Cao et al. [22] proposed an improved
algorithm based on faster region-based CNN for small object
detection. An improved loss function based on intersection
over union, the multiscale convolution feature fusion, and
the improved nonmaximum suppression algorithm is intro-
duced to enhance the performance for small object detection.
Li et al. [23] proposed a new perceptual generative adversar-
ial network model that improves small object detection
through narrowing representation difference of small objects
from the large ones. Wei et al. [24] proposed three enhance-
ments for CNN-based visual object detection for advanced
driving assistance systems, including using deconvolution
and fusion of CNN feature maps to create enhanced feature
maps, adopting soft nonmaximal suppression to address
the object occlusion challenge, and setting anchor boxes
properly for better object matching and localization. In
[25], Lin et al. exploited the inherent multiscale, pyramidal
hierarchy of deep convolutional networks to construct fea-
ture pyramids with marginal extra cost.

3. Proposed Framework

Figure 1 illustrates the overall framework of the proposed
approach. The base network based on ESPNetv2 network
[16] first takes input image to generate convolution feature
maps. To improve the ability of the proposed framework
on detecting of small traffic signs, a deconvolution module
is used to aggregate an output feature map at layer 2 with
an output feature map at layer 3 to create an enhanced fea-
ture map. Then, two improved region proposal networks
are adopted to generate proposals from the highest-level
convolution feature map and the enhanced convolution
feature map. The improved region proposal network
includes a 1 × 1 convolution layer to reduce the number
of parameters in the subsequent convolutional layers and
a 3 × 3 dilated convolution to enlarge the receptive field,
thus improving the detection accuracy and the inference
speed of the proposal generation stage. In the detection
network, a region of interest pooling layer is adopted to
adjust the size of proposals to fixed size feature maps,
and fully connected layers are used for classifying pro-
posals and regressing the bounding box of proposals. In
the following sections, the proposed approach is explained
in detail.

3.1. The Base Network. Most of deep learning-based
approaches for traffic sign detection are focused on detection
accuracy. In driving environment, apart from the detection
accuracy, the inference speed is also a large concern. More-
over, vehicles in driving environments are unlikely to be
equipped with high-end graphic cards as powerful as used
in research environments. Thus, it is necessary to build a
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faster network for traffic sign detection in driving environ-
ments. In [26], Liu et al. showed that about 80% of the
forward time is spent on the base convolution layers.
Thus, using a faster base network can greatly improve
the inference speed of the framework. ESPNetv2 network
[16] is a fast and efficient network which uses depth-
wise dilated separable convolutions instead of depth-wise
separable convolutions [27] to learn representations from
a large effective receptive field. Table 1 provides a perfor-
mance comparison between ESPNetv2 and state-of-the-art
efficient networks on the ImageNet 1000-way classification
dataset [28]. As shown in Table 1, ESPNetv2 achieves
the best performance with the smallest computational bud-
gets (computational budget = 284 million FLOPs). In addi-
tion, ESPNetv2 has similarity in the number of parameters
compared with ShuffleNetv1 and MobileNetv2 while being
more accuracy. Thus, ESPNetv2 architecture is adopted as
the base network in this paper for fast and efficient traffic
sign detection.

Supposing the resolution of input images is 224 × 224,
the architecture of the ESPNetv2 used in this paper is illus-
trated in Figure 2 with a kernel size, filter number, and output
size. The ESPNetv2 network replaces standard convolutions
by extremely efficient spatial pyramid of depth-wise dilated
separable convolutions (EESP units) and strided extremely
efficient spatial pyramid of depth-wise dilated separable con-
volutions (strided EESP units). At each layer, ESPNetv2
repeats the EESP units several times to increase the depth
of the network. Figure 3 illustrates the structure of EESP unit
(a) and strided EESP unit (b). The EESP unit first projects the
high-dimensional input feature map into a low-dimensional

space using group point-wise convolutions and then learns
the representations in parallel using depth-wise dilated
separable convolutions with different dilation rates. Differ-
ent dilation rates in each branch allow the EESP unit to
learn the representations from a large effective receptive
field. With group point-wise and depth-wise dilated
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Figure 1: The overall framework of the proposed approach.

Table 1: Performance comparison of different efficient networks on
the ImageNet validation set.

Network # parameters FLOPs Top-1 accuracy

MobileNetv1 [27] 2.59M 325M 68.4

MobileNetv2 [29] 3.47M 300M 71.8

ShuffleNetv1 [30] 3.46M 292M 71.5

ESPNetv2 3.49M 284M 72.1
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Output size
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(56×56×128)

(28×28×256)
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Figure 2: The structure of the ESPNetv2 network used in this paper.
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Figure 3: The structure of EESP unit (a) and strided EESP unit (b). ESPNetv2 repeats the EESP units several times to increase the depth of
the network.
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separable convolutions, the total complexity of the EESP
unit is reduced [16]. On the other hand, the strided EESP
unit is used to learn representations efficiently at multiple
scales. In the strided EESP unit, depth-wise dilated convo-
lutions are replaced with their strided counterpart. In
addition, an average pooling layer with stride 2 is added
in the strided EESP unit as shown in Figure 3(b). To bet-
ter encode spatial relationships and learn representations
efficiently, an efficient long-range shortcut connection
between the input image and the current downsampling
unit is added in the strided EESP unit. This connection
first downsamples the image to the same size as that of
the feature map by repeating a 3 × 3 average pooling layer
and then learns the representations using a stack of two
convolutions. The first convolution is a standard 3 × 3
convolution that learns the spatial representations while
the second convolution is a 1 × 1 point-wise convolution
that learns linear combinations between the input and
projects it to a high-dimensional space.

Features from the highest-level convolutional layer of
the ESPNetv2 architecture could better describe the char-
acteristics of large-scale traffic signs in an image, so the
highest-level convolutional layer of the ESPNetv2 network
is adopted to generate proposals to ensure the effectiveness
of the method for large-scale traffic sign detection. For
small-scale traffic signs, features from the larger scales
(lower CNN layers) could better describe the characteris-
tics of small-scale traffic signs. However, shallow feature
maps from the low layers of feature pyramid inherently
lack fine semantic information for object recognition.
Thus, this paper adds a deconvolutional module, which
fuses the feature map at layer 2 and layer 3 of the ESP-
Netv2 network, to generate enhanced feature map to better
describe the characteristics of small-scale traffic signs.
With this deconvolutional module, the semantics from
higher layers can be conveyed into lower layers to increase
the representation capacity. Details of the deconvolutional
module will be explained in the next section.

3.2. Deconvolution Module. Deconvolution module has
shown to be helpful for small object detection in DSSD
[31]. To enhance a shallow feature map from a lower feature
layer with a deeper feature map from a higher feature layer
and improve detection performance on small traffic signs,
this paper adds a deconvolution module to aggregate the out-
put feature at layer 2 with output feature at layer 3. With a
deconvolution module, the semantics from higher feature
layer can be conveyed into a lower feature layer to increase
the representation capacity. Figure 4 illustrates the architec-
ture of the deconvolution module used in this paper. As
shown in Figure 4, a 3 × 3 convolution layer is first connected
with a lower-level feature map extracted after layer 2. For the
deconvolution branch, a 2 × 2 deconvolution layer is used
followed by a 3 × 3 convolution layer to upsample the corre-
sponding higher-level feature map. A batch normalization
layer is added after each convolution layer. The higher-level
feature map is extracted after layer 3. The deconvolution
layer is applied to enlarge the feature map size in order to
match the size of the lower-level feature map. Notably, the

deconvolution operation is different from the upsampling
operation. Deconvolution operation provides a set of param-
eters by which to learn a nonlinear upsampling of the fea-
tures in the deep layers while upsampling operation rescales
an image to the desired size by using an interpolation
method. Finally, the outputs of these two feature layers,
which have the same spatial size and depth, are combined
by an element-wise product and processed by a ReLU layer
to produce an enhanced feature map.

3.3. Proposal Generation with Improved Region Proposal
Network. The region proposal network (RPN) [17] is an effi-
cient and accurate region proposal generation network which
showed encouraging performance in general object detec-
tion. To increase the inference speed and detection accuracy
of the proposed framework, this paper designs an improved
RPN based on the RPN [17]. Figure 5 illustrates the structure
of the original RPN (a) and the improved RPN (b) proposed
in this paper. First, to compress the RPN and increase the
inference speed, this paper reduces the number of channels
of input feature maps to decrease the number of parameters
in the RPN. Decreasing the input channels of input features
can further reduce the number of parameters in the subse-
quent convolutional layers. ResNet [32] used a 1 × 1 convolu-
tion layer to reduce the number of input channels without
losing accuracy while also gaining efficiency. Thus, this paper
adopts a 1 × 1 convolution layer after input feature maps to
reduce the number of parameters in the RPN. From the
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28×28×25614×14×512
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extracted after layer 2
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Batch normalization
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Figure 4: The structure of deconvolution module used in this paper.
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experimental results, this paper reduces the number of input
channels to 64 for obtaining good proposals and fast process-
ing speed. Second, to improve the detection accuracy, dilated
convolution [33] is adopted to replace standard convolution
in the original RPN. Dilated convolution is a powerful mod-
ule in the context of semantic segmentation. Dilated convo-
lution is used to enlarge the receptive field, thus including
more information from other areas to help recognize the
boundaries of objects. Another advantage is that using
dilated convolution does not increase the number of param-
eters or the amount of computation because the zero opera-
tions are skipped. The improved RPN proposed in this
paper can be adopted in other object detection tasks, such
as pedestrian detection and vehicle detection.

The enhanced feature map generated by the deconvolu-
tional module could improve the resolution and semantic
information for small-scale traffic signs, and the feature
map from the highest convolutional layer of the ESPNetv2
network could better describe the characteristics of the

large-scale traffic signs in an image. The region proposal
generation module is proposed to receive the enhanced fea-
ture map and the highest-level convolution feature map
and produce a set of proposals to be further processed by
the nonmaximum suppression (NMS) algorithm at the
end of the region proposal generation module. The region
proposal generation module includes two improved RPNs
working on different convolution layers for generating pro-
posals as shown in Figure 6. Each improved RPN first gen-
erates a set of anchor boxes from the input convolution
feature map and then produces two different outputs for
each of the anchor box. The first one is an objectness score,
which means the probability that an anchor is an object.
The second output is the bounding box regression for
adjusting the anchors to better fit the object. Since anchors
are usually highly overlapped with each other, nonmaxi-
mum suppression algorithm is adopted at the end of the
region proposal generation module to solve the issue of
duplicate proposals.

Input feature map

w×h×c

Classification

Regression
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1×1×256×2k

Convolution layer
1×1×256×4k

Convolution layer
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(b)

Figure 5: The structure of the original RPN (a) and the improved RPN proposed in this paper (b).
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3.4. Detection Network. The detection network includes a
region of interest (RoI) pooling layer for adjusting the size
of proposals to fixed size feature maps and fully connected
(FC) layers for classifying proposals and regressing the
bounding box of proposals. The RoI pooling layer uses max
pooling to convert the features inside any valid region of
interest into a small feature map with a fixed spatial extent
of H ×W. RoI pooling works by dividing the h ×w RoI pro-
posal into a H ×W grid of subwindows of approximate size
h/H ×w/W and then max-pooling the values in each subwin-
dow into the corresponding output grid cell. RoI pooling avoids
repeatedly computing the convolutional layers, so it can signif-
icantly speed up both train and test time. After extracting fixed
size feature maps for each of proposals via RoI pooling, these
feature maps are used for classification. The classification stage
has two different goals: classify proposals into traffic sign and
background class and adjust the bounding box for each of
detected traffic sign according to the predicted class. Two FC
layers with 2048 neurons are adopted in this paper to extract
discriminative features for traffic sign. The features from each
RoI are flattened into a vector and fed into two separate FC
layers: a box classification layer and a box regression layer.
The first FC layer is then fed into the softmax layer to compute
the confidence probabilities of being traffic sign and back-
ground. The second FC layer with linear activation functions
regresses the bounding box of detected traffic sign.

3.5. Training and Loss Function. Training process of the pro-
posed framework includes two phases. First, the region pro-
posal generation network is trained with training samples,
and then, both the region proposal generation network and
the detection network are trained. For convolution feature
with resolution M ×N , there are total M ×N × k anchor
boxes. These anchor boxes are highly overlapped with each
other. Moreover, there are much more negative anchor boxes
than positive anchor boxes, which will lead to bias during the
training process if all anchor boxes are used for training. For
an anchor box ak at position ðxm, ynÞ in an image, this paper
first finds the best matching ground truth box for this anchor
box based on the intersection of union (IoU) to create a train-
ing sample for this anchor box. The IoU between two anchor
boxes ak and ai is defined as the following equation:

IoU =
area ak ∩ aið Þ
area ak ∪ aið Þ : ð1Þ

Let agtk represents the best matching ground truth box
for anchor box ak, and IoUak ,agtk represents the IoU overlap

between anchor box ak and ground truth box agtk. If
IoUak ,agtk is higher than 0.7, the anchor box ak is selected as

positive anchor. If IoUak ,agtk is lower than 0.3, the anchor is

selected as negative anchor. Otherwise, this anchor will be
discarded and is not used as a training sample. Then, 256
anchor boxes from one image are randomly sampled as a
minibatch, where the ratio between positive and negative
anchors is up to 1 : 1. The regression of the bounding box
can be obtained from the anchor coordinates and the ground
truth bounding box in a similar way presented in [17].

In this paper, the objective loss function is to minimize the
weighted sum of classification loss Lcls and localization loss
Lreg for the region proposal generation network and the detec-
tion network. The objective loss function is defined as follows:

L = 1
N
〠
N

i=1
Lcls ai, a∗ið Þ + 1

Np
〠
Np

i=1
Lreg li, l

∗
ið Þ, ð2Þ

whereN is the size of training samples,Np is the number of pos-
itive samples in training samples, ai is the predicted probability
of anchor i being a traffic sign, a∗i is the corresponding ground
truth label (1 for positive anchor and 0 for negative anchor), li is
the predicted coordinate offsets for anchor i, and l∗i is the asso-
ciated offsets for anchor i relative to the ground truth. Since
there is no ground truth bounding box matched with negative
anchor boxes, bounding box regression is applied only for pos-
itive anchor boxes. In (2), the binary logistic loss is used for box
classification, and smooth L1 loss [17] is adopted for box regres-
sion. With the above objective function, the network can be
trained by backpropagation and stochastic gradient descent
strategies.

At test time, test images are fed into feed-forward pass of
the network. The proposal generation network generates
proposal candidates with bounding boxes and classification
confidences. Nonmaximum suppression (NMS) is adopted
to select 256 proposals with higher confidences based on
the predicted scores, and the detection network further
refines the location and class scores for each proposal.

4. Experimental Results and Discussions

In order to compare the effectiveness of the proposed approach
with other state-of-the-art approaches on traffic sign detection,
this paper conducts experiments on two public datasets:
German Traffic Sign Detection Benchmark and Tsinghua-
Tencent 100K. The proposed approach is implemented on a
Window system machine with Intel Core i7 8700 CPU, NVI-
DIA GeForce GTX 1080 GPU and 16Gb of RAM. TensorFlow
is adopted for implementing deep CNN frameworks.

4.1. Dataset. In this paper, two public datasets are used to
evaluate the effectiveness of the proposed approach,

Table 2: Dataset summary.

Dataset Number of images Resolution (width × height) Ratio between training
and testing images

Number of traffic signs The size of traffic sign

GTSDB 900 1360 × 800 2 : 1 1206 16 × 16 to 128 × 128

TT-100K 100000 2048 × 2048 2 : 1 30000 2 × 7 to 397 × 394
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including German Traffic Sign Detection Benchmark
(GTSDB) [34] and Tsinghua-Tencent 100K (TT-100K) [9].
Table 2 summarizes related information of these datasets.

GTSDB is the most widely used dataset to evaluate traffic
sign detection approaches. GTSDB contains 900 images and
is divided into 600 training images and 300 testing images.
The resolution of each image in this dataset is 1360 × 800.
Each image contains zero to six traffic signs which may appear
in every perspective and under every lighting condition. All
traffic signs in this dataset can be divided into four categories:
prohibitory signs with red color and circular shape, danger
signs with red color and triangular shape, mandatory signs
with blue color and circular shape, and the rest of traffic signs
with different shapes and colors which cannot be classified
into these three categories. The sizes of the traffic signs in
the images vary from 16 × 16 to 128 × 128.

TT-100K contains 100,000 images with resolution
2048 × 2048 and covers large variations in illuminance and
weather conditions. Of these, 10,000 images contain 30,000
traffic signs in total. The ratio between the training set and
testing set is 2 : 1. Traffic signs in this dataset can be classified
into three categories: prohibitory signs with mostly red circle
and black information, mandatory signs with mostly blue
circle and white information, and warning signs with mostly
yellow triangle and a black boundary and information. Fur-
thermore, based on the size of traffic signs in image, traffic
signs in this dataset can be divided into three categories
according to their size: small traffic signs (area < 322 pixels),
medium traffic signs (322 pixels < area < 962 pixels), and large
traffic signs (area > 962 pixel). Table 3 shows the numbers of
traffic sign instances in each group size. Compared with the
GTSDB dataset, images in TT-100K dataset are higher resolu-
tion, and traffic sign instances are smaller and more diverse.
To test the ability of the proposed framework on detection
of different object sizes, this paper conducts experiments on
all group sizes.

4.2. Evaluation Metrics. In order to compare the results of the
proposed method with other methods on traffic sign detec-
tion, this paper adopts three widely used criteria for evaluat-
ing the proposed method, including precision (P), recall (R),
and F-measure (F). These criteria are defined as follows:

P = TP
TP + FPð Þ ,

R =
TP

TP + FNð Þ ,

F = 2 ×
P × Rð Þ
P + Rð Þ ,

ð3Þ

where TP (True Positive) represents the correct detections of
traffic signs, FP (False Positive) represents the wrong detec-
tions of traffic signs, and FN (False Negative) represents the

number of missed traffic signs. A traffic sign is considered
as correct detection if the IoU between this traffic sign and
ground truth traffic sign is at least 0.5.

4.3. Performance Results. In this section, several experiments
are first conducted on the GTSDB dataset to evaluate the
effectiveness of each proposed module. Then, this paper
compares the performance of the proposed approach with
other state-of-the-art approaches on the TT-100K dataset,
including Faster R-CNN [17], SSD [26], Multiclass Network
[9], and MR-CNN [8].

4.3.1. Experimental Results on GTSDB Dataset. To evaluate
the effectiveness of each module of the proposed framework,
this paper conducts several experiments on the GTSDB data-
set and compares the detection results with original Faster R-
CNN framework. In the first experiment, the base network in
original Faster R-CNN (VGG-16 [35]) is replaced by the
ESPNetv2 network. The RPN and the detection network are
kept unchanged as in Faster R-CNN. In the second experi-
ment, the improved RPN is used to replace the original
RPN in Faster R-CNN. VGG-16 is kept as the base network
in this experiment. In the third experiment, VGG-16 is
replaced by ESPNetv2, and two improved RPNs are adopted
to generate proposals from a convolution feature map after
layer 2 and layer 4 of the ESPNetv2 network. In the final
experiment, a deconvolution module is added as described
in the previous section. At the same time, two improved
RPNs are used to generate proposals from a convolution fea-
ture map generated by a deconvolution module and the
highest-level convolution feature map. To find the best
design of the deconvolution module, this paper uses both
element-wise sum and element-wise product in the merging
process of a deconvolution module. Table 4 shows the detec-
tion results and the inference speed of these experiments on
GTSDB dataset. As shown in Table 4, the mAP of Faster R-
CNN with ESPNetv2 network is 89.40%. By adding addi-
tional improved RPNs after layer 2 of the base network, the
mAP increases by 5.14%. This result shows that the addi-
tional convolution layer with higher resolution can learn dis-
criminative features of small traffic signs and lead to better
performance of the framework. Moreover, by adding a
deconvolution module to enhance a shallower convolution
feature map with a deeper convolution feature map, the
mAP increases by 7.5% and 7.62%. These results demon-
strate that the convolution feature map constructed by fusing
an upsampled deeper convolution layer with a deconvolution
operation and a shallower convolution layer is more suitable
for small traffic sign detection. For the inference speed, Faster
R-CNN with an improved RPN module improves the speed
by 0.13 second. In addition, the inference time of Faster R-
CNN with ESPNetv2 network is improved by 0.71 second
compared with original Faster R-CNN. These results show
the effectiveness of the proposed RPN and ESPNetv2 archi-
tecture. Figure 7 shows the comparison of detection results
of the proposed method (red boxes) and Faster R-CNN (blue
boxes) on GTSDB dataset. As shown in Figure 7, the pro-
posed method can locate exactly small traffic signs while Fas-
ter R-CNN cannot detect small traffic signs.

Table 3: The numbers of traffic sign instances in each group size of
TT-100K dataset.

Size Small Medium Large

Numbers of instances 8953 10702 1512
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4.3.2. Experimental Results on TT-100K Dataset. To evaluate
the effectiveness of the proposed method, this paper com-
pares the detection results of the proposed method with the
results of other state-of-the-art methods on TT-100K dataset,
including Faster R-CNN [17], SSD [26], Multiclass Network
[9], and MR-CNN [8]. Table 5 shows the comparison of

detection results on all three categories of the TT-100K data-
set. As shown in Table 5, the performance of the proposed
method outperforms both Faster R-CNN and SSD. More
specific, in terms of F-measure, the performance of the pro-
posed method outperforms Faster R-CNN by 51.8%, 19.3%,
and 6.4% in a small, medium, and large group, respectively.

Table 4: Detection results of ablation experiments on GTSDB dataset.

Method Detection mAP (%) Inference time (s)

Faster R-CNN 91.17 0.81

Faster R-CNN+ESPNetv2 network 89.40 0.10

Faster R-CNN+improved RPN+VGG-16 92.20 0.68

Faster R-CNN+ESPNetv2 network+two improve RPNs 94.54 0.11

Faster R-CNN+ESPNetv2 network+two improved RPNs+deconvolution module
with element-wise sum

96.90 0.16

Faster R-CNN+ESPNetv2 network+two improved RPNs+deconvolution module
with element-wise product

97.02 0.18

Figure 7: Detection results of the proposed method (red boxes) and Faster R-CNN (blue boxes) on GTSDB dataset.
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Comparing with SSD, the performance of the proposed
method is improved by 51.3%, 20.6%, and 8.0% in a small,
medium, and large group, respectively. Since Faster R-CNN

and SSD framework are constrained by the size of its output
convolution feature maps, these frameworks are unable to
clearly detect small traffic signs. Comparing with Multiclass

Table 5: Detection results of the proposed method and other methods on the Tsinghua-Tencent 100K dataset.

Methods
Small Medium Large Inference time (s)

P (%) R (%) F (%) P (%) R (%) F (%) P (%) R (%) F (%)

Faster R-CNN [17] 24.1 49.8 32.5 65.6 83.7 73.6 80.8 91.2 85.7 2.15

SSD [26] 25.3 43.4 32.0 67.8 77.5 72.3 81.5 86.9 84.1 0.12

Multiclass Network [9] 81.7 87.4 84.5 90.8 93.6 92.2 90.6 87.7 89.1 5.62

MR-CNN [8] 82.9 89.3 86.0 92.6 94.4 93.5 92.0 88.2 90.1 —

Proposed method 80.1 89.0 84.3 91.3 94.6 92.9 92.5 91.8 92.1 0.28

Figure 8: Detection results of the proposed method on Tsinghua-Tencent 100K dataset. The regions of detection results are cropped and
enlarged at the bottom of each image for better view.
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Network, the proposed approach achieves a competitive
result with a small group and outperforms with a medium
and large group. For the inference time, the proposed method
takes 0.28 second for processing an image, while Faster
R-CNN framework takes up to 2.15 seconds. The ESP-
Netv2 network and improved RPN used in this paper
dramatically improve the inference time of the proposed
approach. SSD is the fastest framework which takes only
0.12 second, but SSD shows worse performance than the
proposed approach. From Table 5, MR-CNN achieves the
best performance in a small and medium group. Because
the inference speed is not mentioned in the original paper
of MR-CNN and the code of the paper is not public, the
inference time cannot compare directly. However, MR-
CNN framework uses multiple deconvolution and concate-
nation operations at different layers of the base network, so
this framework is high computational cost. The proposed
approach achieves the best performance in a large group.
Moreover, the proposed approach meets the real-time
detection standard and can be directly applied to hardware
used in driving environments. Figure 8 shows some detec-
tion results of the proposed method on Tsinghua-Tencent
100K dataset. As shown in Figure 8, the proposed method
can detect small traffic sign instances which occupy less
than 2% of image.

5. Conclusions

This paper proposes a deep learning-based framework for
fast and efficient traffic sign detection. To improve the infer-
ence speed of the proposed framework, ESPNetv2 network is
adopted as the based network. A deconvolution module is
used to create an enhanced feature map which contains more
representation capacity. Furthermore, an improved region
proposal network, which includes a 1 × 1 convolution layer
to reduce the number of parameters in the subsequent con-
volutional layers and a 3 × 3 dilated convolution to enlarge
the receptive field, is designed to increase the performance
of a proposal generation stage. In the experiments, two
widely used datasets are adopted to evaluate the effectiveness
of each enhanced module and the whole framework, includ-
ing GTSDB dataset and TT-100K dataset. Experimental
results on these datasets show that the proposed framework
improves the performance of traffic sign detection under
challenging driving conditions and meets the real-time
requirement of an advanced driver assistant system.

Data Availability

The codes used in this paper are available from the author
upon request.
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