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Abstract—This paper investigates the traffic sign recognition
task with deep learning methods. The proposed algorithm which
is called DeepSign includes three modules: a detection module
(PosNet) for locating the traffic sign in a static image, a classification module (PatchNet) for classifying the detected image patch,
and a temporal filter for correcting the recognition results. The
PosNet is a binary object detection convolution neural network
which regards all traffic signs as one class and the background
as the other class. Different from the traditional works which
recognize the traffic sign on the static image, the proposed
temporal filter exploits the contextual information to recover the
missed detection region and correct the false classification. The
experiments validate the effectiveness of the proposed algorithm.
It achieved the third place on the traffic sign recognition task in
2017 China intelligent vehicle future challenge (2017 CIVFC)1 .
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I. I NTRODUCTION
Traffic sign recognition plays an essential role in the intelligent vehicle system. It regulates the different traffic patterns by
using signs of different categories, such as the prohibitive sign,
the mandatory sign, the warning sign, and the traffic light, etc.
Since every sign has the exact semantics, a wrong recognition
will lead to the severe danger. For example, an accident may
happen when a red traffic light is recognized as a green traffic
light. As shown in Fig. 1, a successful recognition is difficult
because of the following challenges. (a) Lighting condition
and weather vary significantly in the traffic scene. (b) The
size of traffic sign is small and only occupies a few pixels. (c)
The image distortions, e.g. abrupt contrast changes and motion
blur happen frequently. (d) Traffic scene is complex. All of
these make the static traffic sign recognition a hard problem.
Additionally, the motion disturbance leads more difficulty in
a video object detection task. In this paper, we focus on the
traffic sign recognition task based on the video.
There are two popular approaches to the traffic sign recognition task. The first is the end-to-end methods in which the
traffic image is directly mapped to the bounding box and
the underlying class. Although the end-to-end methods have
achieved a great success [1] [2] [3] in object detection task
on the ImageNet [4] dataset and MS COCO [5] dataset, it
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Fig. 1. Samples of difficult scenes: (a) complex environment and small-size
traffic lights, (b) poor illumination, (c) high exposure, and (d) rainy day.

cannot be directly used to solve the traffic sign recognition
task. The most obvious difference between these two tasks
is the target object size. In the ImageNet dataset, the target
object usually occupies more than 20% of the image, while
in the traffic sign detection dataset, e.g. TT100K [6], it is
only 0.2% of the image. In the second popular methods [7],
the traffic sign recognition system is divided into two parts: a
detection module for predicting the location of the sign and
a classification module for predicting which class the sign
belongs to. In the detection module, typically a region of
interest (ROI) or a sliding window is used to generate the
possible regions which contain the traffic sign. The popular
detectors include HOG-SVM [8] detector, Viola-Jones [9]
detector, multi-scale shape [10] detector, etc. After detecting
the traffic sign, an SVM or convolutional neural network
(CNN) [11] classifier is followed to solve the traffic sign
classification sub-task.
Concerning the small-size of the traffic sign and the complexity of environment, we formulate the traffic sign recog-
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Fig. 2. DeepSign system architecture. The position network (PosNet) which is an object detection CNN first detects the traffic signs in an RGB image.
Then after cropping the detected region, the image patches are converted to gray images and processed by contrast limited adaptive histogram equalization
(CLAHE) and sent to the patch net (PatchNet) for classification. Finally, the temporal filter is employed to improve the recognition result.

nition task in the second framework. Moreover, in order to
incorporate the contextual information among video frames, a
temporal filter module is utilized. Therefore, in this paper, we
propose a traffic sign recognition algorithm DeepSign which
includes three modules. The traffic sign detection module employs the faster region CNN (Faster R-CNN), in which all the
traffic signs are concerned as the one class. In the classification
module, a five-layer CNN is used to classify the class of the
detected region. Gray image and the histogram equalization
processing are used to improve the classification accuracy.
Finally, the temporal filter module takes the bounding box
and the underlying class and outputs the filtered traffic sign
recognition result. The proposed algorithm achieved the third
place in 2017 CIVFC traffic sign recognition task.
The contributions of this paper are as follows. First, we
propose a traffic sign recognition algorithm in which the
detection module concerns all the traffic signs as one class
and the background as the other class. Second, to combat the
image distortion, the detected RGB patch is converted to the
gray image on which we further employ the contrast limited
adaptive histogram equalization (CLAHE) [12] to improve the
image gray-level distribution. Third, we propose a temporal
filter to reduce the false positive and false negative of the
recognition results.
The remainder of this paper is organized as follows. The
DeepSign algorithm is detailed in section II. In section III, we
show the experimental validation. Finally, the conclusion and
future work are draw in section IV.
II. T RAFFIC S IGN R ECOGNITION A LGORITHM
In this section, we present the DeepSign, a deep learning
based traffic sign recognition algorithm shown in Fig. 2. The
detection module exploits the state-of-the-art object detection
method to detect traffic sign regions. After cropping the image
of the bounding box region, the small image patch is fed into
the classification module for predicting the underlying class.
In order to improve recognition accuracy, a filter which utilizes
the temporal information of the past few frames is designed
to output the final bounding box and class. The details are
introduced in the following parts.

A. Detection Module
The objective of detection module is to locate all the
traffic signs in a static RGB image captured by an in-vehicle
camera. The core of this module is the position network
(PosNet), which is an object detection network. Comparing
to the traditional template matching based methods, the deep
neural network based object detection methods have achieved
more promising performance. The popular approaches include
SSD [13], Mask R-CNN [14], and faster R-CNN [15]. Since
the traffic sign detection is a small-size object detection task
and faster R-CNN shows better performance on small-size
objects, we employ the faster R-CNN in PosNet.
Typically, the faster R-CNN takes the image and outputs the
predicted bounding box and label, which means in the traffic
sign detection task, it predicts the traffic sign location and
class simultaneously. However, the classes of the traffic sign
are in large quantities, for example, the number of common
Chinese traffic sign class is more than 100 [16]. Concerning
the unbalanced distribution of classes, it will be hard to detect
and classify for all classes simultaneously. To alleviate this,
the PosNet only predicts two classes: the traffic sign and the
background.
The PosNet includes three parts: the feature extractor, the
region proposal network (RPN), and the box classifier. The
feature extractor is a deep CNN which is used to extract
image features. There are many candidates for this part, e.g.
resnet [1] and inception [17]. To prevent overfitting, we exploit
the pre-trained model on MS COCO dataset as the initial
network weight. The RPN is used to propose the interested
region which may contain the traffic sign. The box classifier
is responsible for classifying traffic sign class and refining
bounding box. We initialize the RPN and box classifier with
random weights. Another important component in the PosNet
is the settings of anchor, which is the default bounding box
in different scales and aspect ratios at each pixel. In order
to set the proper attributes, we count the traffic sign size and
aspect ratio from the training dataset. The loss function , which
is used to optimize the binary classifier and bounding box
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TABLE I
T HE PATCH N ET A RCHITECTURE

(a) Left: Origin image, Right: CDF(green) and histogram(red)

(b) Left: CLAHE image, Right: CDF(green) and histogram(red)
Fig. 3. The image before (a) and after (b) CLAHE.

regression jointly is defined as
∑ 1
1 ∗
Lpos =
Lcls (pi , p∗i ) + λ
pi Lreg (ti , t∗i )
N
N
cls
reg
i

(1)

where i is the index of anchor, pi and p∗i are the predicted
probability and the ground-truth of the anchor being a traffic
sign, ti and t∗i are the four-element vector representing the
parameterized bounding box coordinates, Ncls and Nreg are
the anchors count normalization, the hyper-parameter λ is
used to balance the classification and regression loss. The loss
function Lcls is the cross-entropy loss and Lreg is the Huber
loss which is robust to the outliers.
B. Classification Module
The classification module is responsible for predicting the
class of image patch cropped by the detection module. As a
kind of brain-inspired method, CNNs have been successfully
applied to many image classification tasks [18] [19] [20]. In
this module, we design the PatchNet, which is a CNN based
classification network for traffic sign patch classification.
Although the CNNs have shown promising classification
performance, there are still many challenges in the traffic
sign classification problem. First, the patches are of different
sizes, most of which are small, for example, 15 × 13 or
20 × 15. We resize all the patches into the size of 50 × 50,
which is sufficiently large for classification and only introduces
low-level blur. Additionally, due to the poor weather and
camera exposure, the patch contrast may be low. This will
lead to a darker or brighter image. To alleviate the influence
of low-contrast, we employ the CLAHE to expand the pixel
distribution and ensure all the patches are in the same lighting
condition. Different from the histogram equalization which
uses the global contrast to transform all pixels, the CLAHE

Index

Layers

Config.

Description

1
2
3
4
5
6
7
8
9
10
11

Input
Conv.
Conv.
Max Pooling
Conv.
Max Pooling
Dropout
FC
Dropout
FC
Softmax

(50, 50, 1)
(32, 5, 5)
(32, 5, 5)
(2, 2)
(64, 5, 5)
(2, 2)
0.5
128
0.5
n class
-

Width=50, height=50, channel=1
n filter=32, size=(5,5), stride=(1,1)
n filter=32, size=(5,5), stride=(1,1)
Max pooling stride = (2, 2)
n filter=64, size=(5,5), stride=(1,1)
Max pooling stride = (2, 2)
Keep probability = 0.5
Number of hidden units = 128
Keep probability = 0.5
Number of hidden units = n class
Softmax activation

exploits the limited local region contrast to redistribute the
pixels in that region. This will suppress the influence of the
significantly lighter or darker region. As shown in Fig. 3,
after CLAHE processing, the image has a wider gray level
distribution and is able to show more details.
Another problem is that the traffic sign dataset is usually unbalanced. Different from the classification tasks on CIFAR10
or ImageNet datasets where the number of all classes samples
is similar, the traffic sign recognition dataset always suffers
extremely unbalanced classes distribution. For example, in
the 2017 CIVFC traffic sign recognition dataset, the most
common class, green light contains about 1300 instances while
the rarest class, highway entrance only contains 10 instances.
Directly training on this kind of dataset, the CNN will over-fit
and be dominated by several most common classes. We alleviate this problem from two aspects. First, we exploit the data
augmentation techniques like affine transformation, Gaussian
noise, random crop, etc. to increase the samples quantity. Then
we down-sample the common classes to balance the overall
class distribution.
The network architecture is shown in Table I. The PatchNet
consists of three convolutional layers (Conv. in Table I) and
two fully connected layers (FC in Table I). The activation function for all the hidden layers is ReLU , i.e. σ(x) = max(0, x).
The last layer activation function
∑K is selected as the Softmax
function σ(x)j = exp(xj )/ k=1 exp(xk ). To prevent overfitting, two Dropout layers are employed after the last Conv.
layer and the first FC layer. The loss is the cross-entropy loss:
Lpatch =

N
1 ∑
− log(f (oi ; θ)yi )
N i=1

(2)

where function f (·; θ) is the PatchNet with network weight θ,
oi is the ith image patch, and f (oi ; θ)yi is the yi th element of
the PatchNet softmax layer output.
C. Temporal Filter
The objective of the temporal filter module is to reduce the
false positive and false negative on the results of the above two
modules. As introduced above, the detection and classification
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modules work on the static image. However, the adjacent
several frames in a video usually show strong correlation and
rich contextual information. This information can be used to
improve the recognition accuracy. For example, a traffic sign
cannot suddenly appear or disappear in a set of frames. Its
class will remain constant and the position will change slowly
which results in a smooth trajectory. If the classification result
suddenly changes or the detection module misses a location,
the true result can be inferred from the past a few frames.
Based on this fact, we design the temporal filter.
The temporal filter works on three key features: the center
point coordinates (x, y) of bounding box, the width and height
(w, h) of bounding box, and the class c. In details, this module
specializes in the following two cases:
1) Missed Detection: In this case, the PosNet misses
the detection of the traffic sign, which means there are no
bounding box and class prediction. Assume at time t, the
PosNet fails on frame ot . The bounding box of the last m
frames are {(xt−i , yt−i , wt−i , ht−i )}m
i=1 . Knowing the t−mth
bounding box information, a set of differentials can be built
{(∆xt−i , ∆yt−i , ∆wt−i , ∆ht−i )}m−1
i=1 . The ∆xt−i is defined
as
∆xt−i = xt−i − xt−i−1
(3)
The definition of ∆y, ∆w, ∆h are similar to (3). To describe
the missed bounding box, a four-order polynomial curve is
fitted for each differential features. We can compute the
differentials ∆xt , ∆yt , ∆wt , ∆ht and recover the bounding
box from the past frames. Finally, the detected region is
cropped and fed into the PatchNet for classification.
2) False Classification: Sometimes, the classification module may fail and predict a wrong class. In this case, the
temporal filter is used to correct the primitive classification
result by exploiting a voting mechanism.
Assume at time t, the classification result on a specific
patch is P (ci ) = pci ,t where i ∈ {1, · · · , K} is the class
index. The results of the same traffic sign on last m frames
are {P (ci ) = pci ,j }m
j=1 where j is the frame index. Since
the past results can provide contextual information to improve
the overall accuracy, we formulate the final classification
probability for the class ci as
P (ci ) =

m
∑

γ j pci ,j

(4)

TABLE II
T HE P ERFORMANCE C OMPARISON OF D IFFERENT T RAFFIC S IGN
D ETECTORS ON THE VALIDATION DATASET
Networks

Precision

Recall

F-measure

SSD-mobilenet
SSD-inception
faster R-CNN-resnet101
faster R-CNN-inception

0.813
0.839
0.763
0.817

0.711
0.784
0.852
0.876

0.759
0.811
0.805
0.845

III. E XPERIMENTS
In this section, we validate the effectiveness of the DeepSign
algorithm and report the results on 2017 CIVFC traffic sign
recognition task.
A. Dataset
The 2017 CIVFC official provides 133 annotated video clips
and 50 non-annotated video clips. Each video includes 10 to
50 frames, so there are 3174 annotated frames in total. The
width and height of the image are 1280 and 1024, respectively.
In the training dataset, there are 77 classes in total, which
include 65 traffic sign classes and 12 traffic light classes.
The 65 kinds of traffic signs can be divided into 19 kinds
of warning signs, 24 kinds of prohibition signs, 13 kinds of
mandatory signs, and 9 kinds of guide signs. We use 100
annotated video clips for training and the rest 33 clips for
validation. The 50 non-annotated video clips are official test
dataset in the competition. All the following reported results
on training and validation are obtained from the annotated
dataset.
B. Evaluation Metrics
The 2017 CIVFC official utilizes precision, recall, and Fmeasure as the evaluation metrics. The definition of these
metrics are defined as follows
P recision =

Recall =

j=0

where γ is a hyper-parameter used to balance the influence
of the past probabilities. One can see from (4) that the
probability at current time contributes the most and the oldest
contributes the least. Therefore, the final class can be obtained
by following
ct = arg max P (ci )
(5)
ci

Fig. 4 shows the recognition results on several frames of
the 2017 CIVFC. At time t − 1, due to the fault of detection
module, the back face of a traffic sign is detected. With the
processing of the proposed temporal filtering, the false positive
recognition P05 is filtered out.

F − measure =

nT P
nT P + nF P

nT P
nT P + nF N

2P recision × Recall
P recision + Recall

(6a)

(6b)

(6c)

where nT P , nF P , nF N are the number of true positive, false
positive, and false negative traffic sign instance. It can be seen
that F-measure is the harmonic mean of the precision and
recall. A traffic sign instance is regarded as the true positive
if the center of the detected bounding box falls in the groundtruth bounding box and the classes are the same. nF P equals to
the difference between the number of all detected traffic signs
and nT P . nF N equals to the difference between the number
of all traffic sign ground-truth and nT P .
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(b) With temporal filtering
Fig. 4. Traffic sign recognition without (a) and with (b) temporal filtering. The temporal filter can utilize the contextual information and filter out the false
positive result PO5 at frame t-1.

C. Detection Results
In the detection module, we compare the performance of
two popular object detection algorithms with multiple feature
extractors. In details, the concerned object algorithms are SSD
and faster R-CNN. The feature extractors include inception,
resnet101, and mobilenet [21]. To prevent overfitting, the feature extractors are the pre-trained model on MS COCO dataset.
The learning rate is set to 3e-4 initially and decays with a
factor 0.1 every 50000 iterations. The total training iterations
for all the experiments is 150000. The SGD optimizer with
momentum m = 0.9 is used. The performance comparison of
these traffic sign detectors on validation dataset is shown in
Table II. The faster R-CNN with inception feature extractor
achieves the highest F-measure 0.845. Table II shows that for a
specific object detector, for example, the SSD detector, deeper
feature extraction network leads better detection performance.
The F-measure of SSD-inception is much higher than the SSDmobilenet’s. This is because a deeper network can extract more
high-level features to facilitate object detection. Additionally,
different from the large-size target object detection where SSD
achieves good performance, faster R-CNN performs better on
the small-size target traffic sign detection task. One of the
reason may be that the region proposal network in faster RCNN can adjust the anchors to fit the small-size target, while
the SSD trains the whole network with the classification and
regression loss, which cannot adjust the anchor offset in a finegrained manner. We choose the faster R-CNN-inception as our
detection network in the competition.

TABLE III
T HE A BLATION P ERFORMANCE OF PATCH N ET ON THE VALIDATION
DATASET
Networks

Accuracy

Description

PatchNet
PatchNet/CLAHE
PatchNet+CLAHE(4, 4, 8)
RGB
RGB (32, 64)

0.873
0.685
0.851
0.481
0.409

Network in Table I
PatchNet without CLAHE input
PatchNet with small tile size
PatchNet arch. with RGB input
RGB input with 2 conv. layers

D. Classification Results
In the classification experiments, we train the proposed
PatchNet on the augmented patches cropped from the training
dataset. Besides the network architecture in Table I, we also
show the results of the ablation experiments which compare
the influence of RGB and gray image, different CLAHE tile
size, and different CNN architecture, etc. We use the RMSProp
optimizer with fixed learning rate 1e-4 for all experiments.
The batch size is set to 32 and the networks are trained 50
epochs in total. The validation accuracy is shown in Table
III. The CLAHE(4, 4, 8) means the input image is processed
by the CLAHE with tile size (4, 4) and contrast limitation
8. The RGB (32, 64) means that the network input is RGB
image and the number of filters in two convolutional layers
are 32 and 64, respectively. One can tell from the Table III
that the CLAHE processing affects the accuracy significantly
comparing to the entries without CLAHE. We hypothesize that
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TABLE IV
T HE T RAFFIC S IGN R ECOGNITION P ERFORMANCE WITH AND WITHOUT
T EMPORAL F ILTER
System

Precision

Recall

F-measure

With temporal filter
Without temporal filter

0.771
0.748

0.817
0.805

0.793
0.777

TABLE V
T HE T RAFFIC S IGN R ECOGNITION P ERFORMANCE C OMPARISON WITH
OTHER T EAMS ON 2017 CIVFC
Rank

Team

Precision

Recall

F-measure

1
2
3
4
5

Xianxia Smart1
PCALab2
CAS-IV (DeepSign)3
TJ-TiEV4
Cyber Tiggo5

0.604
0.799
0.473
0.407
0.296

0.416
0.343
0.447
0.299
0.325

0.493
0.479
0.459
0.345
0.310

1
2
3
4
5

Xi’an Jiaotong University, Xiamen University
Nanjing University of Science and Technology
Institute of Automation, Chinese Academy of Sciences
Tongji University
Shanghai Jiaotong University

this is because the CLAHE can improve the overall image
lighting condition and make the darker or brighter traffic sign
images easier to identify. We use the architecture shown in
Table I in the competition.
E. Overall Results
Table IV shows the performance with and without temporal
filter processing. Since the temporal information can recover
the missed detection and correct the predicted class, it helps to
improve the precision, recall, and F-measure with 2.3%, 1.2%,
and 1.6%, respectively. This can also be validated in the 2017
CIVFC competition result shown in Table V where we achieve
the 3rd place. Our recall metric is the highest, which means we
miss fewer traffic signs in the competition. The competition
F-measure is 0.459 which is lower than the result on validation
dataset. It is because the traffic signs number in a single image
in training and validation datasets is 1 to 3, while the testing
image usually includes more than 5 traffic signs. This makes
the task much harder.
IV. C ONCLUSION
In this paper, we propose DeepSign, a traffic sign recognition algorithm with video input. The algorithm includes three
ingredients: the detection module, the classification module,
and the temporal filter module. The first two modules locate
and classify the traffic sign in a static image, then the third
module exploits the contextual information to reduce the
false positive and false negative recognition. The experiments
validate that the proposed temporal filter is able to improve the
precision and recall. We achieve the third place in the 2017
CIVFC traffic sign recognition task. The future work intends
to exploit the temporal information in a more robust way like
using LSTM neural network.
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