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Abstract. In this paper, we propose a novel deep learning framework for
object classification called negative-supervised cascaded deep learning.
There are two hierarchies in our cascaded method: the first one is a con-
volutional neural network trained on positive-only samples, which is used
to select supervisory samples from a negative library. The second one is
inherited from the trained first CNN. It is trained on positive and nega-
tive samples, which are selected from domain related database by utiliz-
ing negative-supervised mechanism. Experiments are applied this idea to
traffic sign classification using two classic convolutional neural networks,
LeNet-5 and AlexNet as baselines. Classification rates improved by 0.7%
and 1.1% with LeNet-5 and AlexNet respectively, which demonstrates
the efficiency and superiority of our proposed framework.

Keywords: Convolutional neural network · Deep learning · Negative-
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1 Introduction

Traffic signs play an important role in our daily life. They define a visual lan-
guage providing useful information, which makes the driving safe and convenient.
In intelligent transportation system (ITS), traffic sign recognition is a critical
step for advance driver assistance system (ADAS) and autonomous intelligent
vehicles[1]. Traffic sign recognition has two tasks: finding the locations and sizes
of traffic signs in natural scene images (traffic sign detection) and classifying the
detected traffic signs to their specific sub-classes (traffic sign classification)[2].
In this paper, we focus on traffic sign classification.

Due to the complex outdoor environment such as viewpoint variations, bad
lighting conditions, motion-blur, occlusions, sun glare, physical damage, colors
fading, clustered backgrounds, low resolution and so on, traffic signs are rotated,
blurred, damaged and degenerated, which is shown in Fig. 4. Traffic sign recog-
nition is more challenging in comparison with indoor object classification tasks,
such as character and face recognition. The uncertainty and ambiguity of traffic
signs do not stop the pace of research. To address traffic signs classification,
many methods have been proposed according to existing survey literatures[3][4].
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Traditional traffic sign classification has been approached with a number of
popular machine learning methods, such as support vector machines[5], linear
discriminant analysis[6], etc. These methods need to extract of features, such
as Histogram of Gradients (HoG)[7], Local Binary Pattern (LBP)[8], Integral
Channel Features[9] first. Recently, deep learning such as Convolutional Neural
Networks (CNNs), was proposed for handling various classification tasks and has
given state-of-the-art results in many vision tasks[10][11][12].

The existing deep learning based traffic sign classification methods[10][11][12]
mainly learn a model to classify the detected sign to one specific class of traffic
signs, and do not consider auxiliary information or extra knowledge such as back-
ground and attributes. It is argued that auxiliary information or extra knowledge
could be used to augment model learning and improve classification performance.
In [13], Kumar et al. presented two high-level visual features, attribute and smile,
for face verification. In [14], in order to learn more discriminative representation
for face classification task, Sun et. al. introduced verification signal to supervise
deep learning face identification.

Motivated by [13][14], we propose a novel negative-supervised cascaded deep
learning framework constructed by two hierarchies. The first deep learning mod-
ule is trained with the positive samples (proposals belong to one class of objects)
and then is used to select negative samples (proposals not belong to any class
of objects) from domain related image database. The selected negative samples
are combined with positive samples and then are trained with the second deep
learning module to form final result. The major advantage of our method over
those standard approaches is that we transfer knowledge from domain related
data. We introduce the negative-supervised mechanism for traffic sign classi-
fication to verify the efficiency. Experimental results show that the proposed
learning framework could improve classification performance without sacrificing
computation performance in test stage.

The remainder of the paper is organized as follows. In Section 2, we review
some closely related work and some relative knowledge. We propose negative-
supervised cascaded deep convolution neural network framework in Section 3.
Experiments are detailed in Section 4 and results are illustrated and analyzed
in Section 5. At last we give conclusions in Section 6.

2 Related Work

Traffic sign classification is one of representatives of object classification and its
purpose is to classify the specific sign to the corresponding class. Many machine
learning methods are introduced to traffic sign classification, like k-d trees and
random forests[15], SVM[5][16][17] and LDA[6]. These methods usually share the
common process pipeline that consists of image pre-processing, feature extrac-
tion like HoG[7] or LBP[8]. And the processing time and classification accu-
racy of these methods are very dependent on the specifically designed features.
By contrast, neural networks need less pre-processing and no independent fea-
ture extraction. In [10], Ciresan et. al. proposed a committee of CNNs and a
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Multi-layer Perceptron (MLP) to perform traffic sign classification. In [11], they
improved the method with multi-column deep neural network. Jin et al. [12]
described an ensemble of CNNs and proposed a Hinge Loss Stochastic Gradi-
ent Descent (HLSGD) method to train CNNs. Most of traffic sign classification
approaches modify their network architecture to improve their performance but
they use only positive samples and ignore other information.

Traffic sign classification belongs to artificial intelligence. It can be regarded
as a problem of knowledge mining, analysis and understanding, where transfer
learning can truly be beneficial[18]. We are motivated by the transfer learning
techniques[18][19]. Some knowledge is specific for individual domains or tasks and
some knowledge may be common between different domains such that they may
help improve performance for the target domain or task. We realize that various
patches of scene images can be considered as common knowledge. We make
them one specific negative class after scientific selection thus forming negative-
supervised learning.

Taking all above into consideration, we proposed a negative-supervised cas-
caded deep learning framework. It consists of two cascaded deep convolutional
neural networks (CNNs). We train the first CNN positive samples, and use it
to select negative images from random patches as one component of training
set in the second neural network. Experiments prove that negative-supervised
mechanism improves the separability and recognition of the classifier.

3 Our Method

This section introduces our negative-supervised cascaded framework for classi-
fication via deep CNNs. Overall architecture of pipeline is illustrated in Fig. 1.

Fig. 1. Pipeline of Negative-supervised Cascaded Deep Learning
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The first CNN is trained on positive samples. We use it to select discrimina-
tive negative samples from domain related negative sample library and train
the second convolutional neural network on both positive and selected negative
samples. The learned parameters of the first CNN are transferred to the second
CNN for training.

In the following subsections, we first introduce two baseline CNNs [20][21],
which are capable of achieving record-breaking results on a highly challenging
data set using purely-positive learning. Then we detail our negative-supervised
deep learning mechanism. Finally we construct a cascaded CNN to perform the
task of traffic sign classification.

3.1 Deep Convolutional Neural Networks

CNNs are designed to recognize visual patterns directly from raw image pix-
els with minimal preprocessing. They can recognize patterns with variability
and robustness. A CNN usually contains convolutional layers, pooling layers,
fully-connected layers and finally a soft-max layer. We use the LeNet-5[20] and
AlexNet[21] for our two baseline networks, which is shown in Fig.2.

LeNet-5 is originally designed for handwritten and machine-printed charac-
ter recognition. It contains three convolutional layers and one fully-connected
layer and ultimately a soft-max layer. Rectified Linear Units (ReLUs) f(x) =
max(0, x) is follow the convolutional layers and used to promote nonlinearity.
Max-pooling layer is applied over neighboring neurons and used to lower in

(a) Architecture of LeNet-5[20]

(b) Architecture of AlexNet[21]. Each convolutional layer follows a ReLU layer.

Fig. 2. Architecture of Deep CNN. C, P, FC are short for convolutional layer, max-
pooling layer, fully-connected layer, respectively. S is short for stride and omitted if
stride is 1.
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dimension thus decreasing over-fitting. The fully-connected layers have 500 neu-
rons each and followed by the soft-max layers and input images need to be scaled
to 28 × 28 pixels.

The architecture of AlexNet is similar with LeNet-5 but much deeper. It
contains five convolutional layers, two fully-connected layers and ultimately a
soft-max layer. Additional response-normalization layers are applied across fea-
ture channels. The fully-connected layers have 4096 neurons each and followed
by the soft-max layer. Similarly, the input images need to be scaled to 224×224
pixels to adapt to the neural network.

3.2 Negative-Supervised Learning

The goal of negative-supervised learning is to boost the discriminative ability
of CNN by retraining another CNN with the supervisory negative samples. The
supervisory negative samples refer to the samples that may have discrimina-
tive information in negative library. These supervisory negative samples provide
additional information related to positive samples, thus making classification
task more accurate.

We select them according to the confidence generated by the first CNN and
extract the maximum confidence MC of each positive sample after the soft-
max layer. Knowing that the maximum confidence corresponds to the specific
assigned category so we obtain the frequency of them. Then we put the same
order of magnitude negative samples to the network and do the same procedure.

The probability density are illustrated as Fig.3. (a)(b) are the distributions
of maximum confidence of positive and negative samples respectively. (c) is the
standard deviation confidence of samples and it is shown that they have the
same distribution. So we choose the supervisory samples based on maximum
confidence. Maximum confidences are normalized between 0 and 1, most pos-
itive samples are convergent to a peak while negative samples are distributed
scattered. It is obvious that the larger the maximum confidence is and the larger
the standard deviation is, the more supervisory information the negative samples
have. We select the supervisory negative samples that have MC > T , in which

Fig. 3. Statistics of Standard Deviation of Confidence
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T is the threshold deduced from the confidence of validation set generated by
the first CNN.

3.3 Traffic Sign Classification

In this subsection we describe the application of negative-supervised learning
and realize it on traffic sign classification.

We use the traditional strategy to train the first CNN. we directly apply
five convolutional layers and following two fully-connected layers and then fed
to a soft-max layer corresponding to the number of positive classes defined as C.
After the soft-max layer, we get C values meaning the distinguish confidence.
Then we apply the negative-supervised principle presented in Section 3.2 to select
negative samples. Next we use both C positive classes and additional C+1 class
to train the following cascaded CNN.

4 Experiments

In this section, we introduce the positive training database and negative library.
describe two baseline experimental results in comparison with our proposed
method. The first experiment is trained on only positive samples. The second is
trained on positive samples and randomly selected negative samples.

4.1 Database and Negative Library

The database, German Traffic Sign Recognition Benchmark(GTSRB)[22] shown
in Fig.4 was created from approximately 10 hours of video that was recorded
while driving on different road types in Germany during daytime. It is a large
lifelike data set of more than 50,000 traffic sign images in 43 classes and contains
images of more than 1700 traffic sign instances. The size of the traffic signs varies
between 15×15 and 222×193 pixels [22].

Fig. 4. Partial Traffic Signs of GTSRB
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The negative database is randomly selected from the SUN database[23],
which is a comprehensive collection of annotated images covering a large variety
of environmental scenes, places and the objects within. It has various outdoor
scenes and using it as negative library can provide domain information for classi-
fication. We randomly cut patches from the SUN database and selected 100,000
patches that varies between 15 × 15 and 222 × 193 pixels, thus keeping corre-
spondence with the positive database.

4.2 Training Convolutional Neural Networks

We apply the two baseline CNNs AlexNet and LeNet-5 for traffic sign classifi-
cation on the benchmark GTSRB. The GTSRB data are split into two subsets.
Set I is training data set, which contains 39209 training images in 43 classes. Set
II is testing data set, which contains 12630 test images. Firstly, we use 43 classes
positive samples in training set, directly apply five convolutional layers and fol-
lowing two fully-connected layers and then fed to a 43-way soft-max layer. Then
we put nearly 300,000 negative samples to the network and get the confidence
after soft-max layer. Next we make the threshold T = 0.98 and select negative
samples whose maximum confidence more than T , thus we have approximately
40,000 positive samples and 100,000 negative samples plunged into the second
CNN.

4.3 Experimental Results

This subsection give the classification rate of our proposed approach presented
in Section 3 compared with positive-only samples training and additional ran-
domly selected negative samples training. The only purpose of our experiments
is to demonstrate that adding negative samples is useful to classification and
if selecting negative samples scientifically can be more efficient. Our framework
is compared with the basic CNNs and does not modify their architecture. For
each basic CNN, we perform three schemes: positive samples only (Pos-only),
positive and randomly selected negative samples (Neg-randomly), positive and
negative-supervised negative samples (Neg-supervised).

Table 1. Classification Rate

Training Network Pos-only Neg-randomly Neg-supervised

LeNet-5 [20] 87.2% 87.5% 87.9%

AlexNet [21] 91.7% 92.4% 92.8%

The classification rates are shown in Table.1. Firstly we simply use the two
baselines LeNet-5 and AlexNet on only positive samples, the results are 87.2%
and 91.7% respectively. Then we add negative samples generated randomly and
the classification rate improve 0.3% and 0.7% each. Finally, we applied our
negative-supervised mechanism to select negative samples and the rate reach
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87.9% using LeNet-5 and 92.8% using AlexNet. These experiments show that
useful information from domain related negative library can really help obtain
related information and improve classification rate.

5 Conclusion and Discussion

This paper presented a negative-supervised cascaded deep convolutional neural
network architecture. We proposed a negative sample selecting method to super-
vise CNN training. Experiments showed that only positive training set were not
sufficient and can be improved by adding negative samples, especially specific
selected negative samples. Negative-supervised mechanism can help utilize data
more sufficient. And our framework can be utilized by all deep learning strategy
and extended to other applications.
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