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�anks to the major advances of sensing, communication,
and computing, connected and automated vehicle (CAV)
technologies have been the strong driving force behind
the rapid development of intelligent transportation sys-
tem (ITS). Advanced visual analyses techniques based on
camera/radar/lidar/IR sensing spanning the fields of com-
puter vision, image/video analyses, machine learning, etc.
have become the indispensable tools for CAV technologies,
especially for enhancing safe and autonomous operation of
vehicles in traffic, mainly based on three main components
(i.e., environment, vehicle, and driver—EVD) of the overall
driving context.

More specifically, advanced visual analyses can infer
the dynamic environment scenes outside the vehicles, such
as roadway situations and weather conditions, pedestrians,
and other vehicles moving trajectories, as well as traffic
lights/signs, etc. Advanced visual analyses can also improve
the detection accuracies of vehicles’ driving states, such as the
vibration, speed, acceleration, and abrupt turns. Moreover,
advanced visual analyses can serve as nonintrusive monitor-
ing of the drivers which needs to be safely maneuvered in the
environment. �e complex dynamics of various events and
interaction of various “EVD” system components affect the
overall safety and comfort of driving, as well as the condition
of the traffic flow. Real-time awareness and dynamic response
of these system components can proactively result in better
driving safety systems and driving experiences, which can
accurately, reliably, and very quickly identify the conditions
that would lead to an accident and to force corrective actions
so that the accident can be prevented.

�e goal of this special issue is to share new advanced
visual analysis techniques, bring forward challenges, and

present comprehensive reviews for CAVs. More specifically,
this special issue focuses on state-of-the-art researches of
integrating advanced visual analysis techniques, which can
be effectively applied to vehicle and driver sensing, road
and pedestrian monitoring, data fusion analysis, and correc-
tion and response, etc. A�er several iterations of reviewing
processes, five papers are accepted for this special issue,
which covers the advance of visual analysis techniques for
visual tracking, scene understanding, lane detection, vehicle
classification and power controlling, etc.

More specifically, the paper entitled “Robust Visual
Tracking with Discrimination Dictionary Learning” pro-
poses an effective tracking algorithm based on learned
discrimination dictionary. Based on the learned dictionary,
target candidates to be tracked can get amore stable represen-
tation. Additionally, the observation likelihood is evaluated
based on both the reconstruction error and the dictionary
coefficients. �e paper entitled “Scene Understanding Based
on High-Order Potentials and Generative Adversarial Net-
works” proposes a scene understanding framework based
on a generative adversarial network (GAN) to implement a
fully convolutional semantic segmentation model. �e high-
order potentials are adopted to achieve the fine details and
consistency of the segmented semantic image. �e paper
entitled “Lane Detection based on Connection of Various
Feature Extraction Methods” presents a new preprocessing
and ROI selection method for lane detection. First, in the
preprocessing stage, the RGB color space is converted to
the HSV color space and white features on the HSV model
are also extracted. At the same time, the preliminary edge
feature detection is added in the preprocessing stage, and then
the part below the image is selected as the ROI area based
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on the proposed preprocessing. �e paper entitled “Pre-
training Convolutional Neural Networks for Image-based
Vehicle Classification” proposes a convolution neural net-
works (CNN) for image-based vehicle classification with four
categories, including motorcycle, transporter, and passenger.
An unsupervised pretraining approach is introduced to ini-
tialize CNN parameters for better classification performance.
Finally, the paper entitled “A Power Control Algorithm
Based on Outage Probability Awareness in Vehicular Ad Hoc
Networks” addresses a power control algorithm to overcome
the problems of random mobility of nodes, interference in
multiusers, and high outage probability. �e proposed power
control method aims at minimizing the outage probability,
taking advantage of available cumulative interference at the
transmitter of each terminal. Furthermore, the interference
model is built by a stochastic geometric theory, from which
the expression between outage probability and cumulative
interference can be derived.

As we conclude the introduction to this special issue and
the contents of the selected five papers, we would like to
thank all authors for their valuable contributions. We also
express our deep gratitude to all the reviewers for their timely
and insightful comments on all submitted papers. It is our
sincere expectation that the contents in this special issue
are informative and useful from various aspects related to
connected and automated vehicle (CAV) technologies.
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Vehicle detection and classification are very important for analysis of vehicle behavior in intelligent transportation system,
urban computing, etc. In this paper, an approach based on convolutional neural networks (CNNs) has been applied for vehicle
classification. In order to achieve a more accurate classification, we removed the unrelated background as much as possible based
on a trained object detection model. In addition, an unsupervised pretraining approach has been introduced to better initialize
CNNs parameters to enhance the classification performance. Through the data enhancement on manual labeled images, we got
2000 labeled images in each category of motorcycle, transporter, passenger, and others, with 1400 samples for training and 600
samples for testing.Then,we got 17395 unlabeled images for layer-wise unsupervised pretraining convolutional layers. A remarkable
accuracy of 93.50% is obtained, demonstrating the high classification potential of our approach.

1. Introduction

Vehicle is one of the greatest inventions in human history.
The vehicle has become an indispensable part of modern
people’s life. The use of a huge large number of vehicles can
reflect the population’s mobility, intimacy, economic, and so
on, and the analysis of vehicle behavior is very meaningful
for urban development and government decision-making. In
order to collect refueling vehicle information, such as license
plate, picture, time, location, volume, type, and so on, we
have deployed data collecting equipment inmany of refueling
stations in Xinjiang, which is mainly responsible for safety
supervision and analysis of refueling behavior. Till now,many
vehicle profile information such as vehicle color and vehicle
type is entered into the system by hand; this is inefficient
and not uniform. The accurate, various, and volume of data
are the key to dig the value of refueling data. Hence, it has
become a problem to be solved urgently that how to obtain
the vehicle profile information through the vehicle picture
automatically. In this paper, we focus onhow to get the vehicle
type from the picture. This problem is regarded as image
classification, which means we should classify the images

containing vehicles into the right type by image processing.
Due to the environment in which images are taken is quite
varied and complex and the impact of irrelevant background,
the vehicles in images are very difficult to recognize.

Thanks to the success of deep learning, we present a com-
bination of approaches for vehicle detection and classification
based on convolutional neural networks in this paper. To
detect the vehicle in the image more efficiently, a successful
object detection approach is used to detect the objects in an
image, then the target vehicle waiting for entering refueling
station is filtered out. Next, we designed a convolutional
neural networks which contains 4 convolutional layers, 3
max pooling layers, and 2 full connected layers for vehicle
classification. We trained our model on labeled vehicles
images dataset. Comparing it with other five state-of-the-
art approaches verified our approach achieves the highest
accuracy than others. In order to pursue better classifica-
tion performance, we taken advantage of unsupervised pre-
training to better initialize classification model parameters
under the circumstance of a shortage of labeled images. The
unsupervised pretraining method was implemented based
on deconvolution. After pretraining, the convolutional layers
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were initialized by the pretrained parameters and trained
the model on our labeled images data set; thus, we got a
better classification performance than the previous without
pretraining.

This paper is organized as follows. The related works are
introduced in Section 2. Vehicle detection and classification
based on CNNs and a pretraining approach are described in
Section 3. In Section 4, the vehicles data set is presented, and
we evaluated the presented approaches on our data, and the
experimental results and a performance evaluation are given.
Finally, Section 5 concludes the paper.

2. Related Works

Existing methods use various types of signal for vehicle
detection and classification, including acoustic signal [2–
5], radar signal [6, 7], ultrasonic signal [8], infrared ther-
mal signal [9], magnetic signal [10], 3D lidar signal [11]
and image/video signal [12–16]. Furthermore, some of the
methods can be combined with a variety of signals, such as
radar&vision signal [7] and audio&vision signal [17]. Usually,
the detection and classification performance is excellent in
thesemethods because of the precise signal data, but there are
many hardware devices involved in these methods, resulting
in larger deployment cost and even higher failure rate.

The evolution of image processing techniques, together
with wide deployment of surveillance cameras, facilitates
image-based vehicle detection and classification. Various
approaches to image-based vehicle detection and classifica-
tion have been proposed over the last few years. Kazemi et
al. [13] used 3 different kinds of feature extractors, Fourier
transform, Wavelet transform, and Curvelet transform, to
recognize and classify 5 models of vehicles; k-nearest neigh-
bor is used as classifier. They compare the 3 proposed
approaches and find that the Curvelet transform can extract
better features. Chen et al. [18] presented a system for vehicle
detection, tracking, and classification from roadside closed
circuit television (CCTV). First, a Kalman filter tracked
a vehicle to enable classification by majority voting over
several consecutive frames, then they trained a support vector
machine (SVM) using a combination of a vehicle silhouette
and intensity-based pyramid histogram of oriented gradient
(HOG) features extracted following background subtraction,
classifying foreground blobs with majority voting. Wen et al.
[19] used Haar-like feature pool on a 32∗32 grayscale image
patch to represent a vehicle’s appearance and then proposed a
rapid incremental learning algorithmofAdaBoost to improve
the performance of AdaBoost. Arrospide and Salgado [16]
analyzed the individual performance of popular techniques
for vehicle verification and found that classifiers based on
Gabor and HOG features achieve the best results and outper-
form principal component analysis (PCA) and other classi-
fiers based on features as symmetry and gradient. Mishra and
Banerjee [20] detected vehicle using background, extracted
Haar, pyramidal histogram of oriented gradients, shape and
scale-invariant feature transform features, designed a mul-
tiple kernel classifier based on k-nearest neighbor to divide
the vehicles into 4 categories. Tourani and Shahbahrami [21]

combined different image/video processing methods includ-
ing object detection, edge detection, frame differentiation,
and Kalman filter to propose a method which resulted in
about 95 percent accuracy for classification and about 4
percent error in vehicle detection targets. In these methods,
the classification results are very good; however, there are
still some problems. First, the image features are limited
by the hand-crafted features algorithms to represent rich
information. Second, the hand-crafted features algorithms
require a lot of calculation, so they are not suitable for
real-time applications, especially for embedding in front-end
camera devices. Third, most of them are used in fixed scenes
and background environments; it is difficult for them to deal
with complex environment.

More recently, deep learning has become a hot topic in
object detection and object classification area. Wang et al.
[22] proposed a novel deep learning based vehicle detec-
tion algorithm with 2D deep belief network; the 2D-DBN
architecture uses second-order planes instead of first-order
vector as input and uses bilinear projection for retaining
discriminative information so as to determine the size of
the deep architecture which enhances the success rate of
vehicle detection. Their algorithm preforms very good in
their datasets. He et al. [1] proposed a new efficient vehicle
detection and classification approach based on convolutional
neural network, the features extracted by this method outper-
form those generated by traditional approaches. Yi et al. [23]
proposed a deep convolution network based on pretrained
AlexNet model for deciding whether a certain image patch
contains a vehicle or not in Wide Area Motion Imagery
(WAMI) imagery analysis. Li et al. [24] presented the 3D
range scan data in a 2D point map and used a single 2D
end-to-end fully convolutional network to predict the vehicle
confidence and the bounding boxes simultaneously, and they
got the state-of-the-art performance on the KITTI dataset.

Meantime, object detection and classification based on
Convolutional neural networks (CNNs) [25–27] are very
successful in the field of computer vision recently. The first
work about object detection and classification based on
deep learning has been done in 2013; Sermanet et al. [28]
present an integrated framework for using deep learning
for object detection, localization, and classification; this
framework obtains very competitive results for the detection
and classifications tasks. Up to now, excellent object detection
and classification models based on deep learning include R-
CNN [29], Fast R-CNN [30], YOLO [31], Faster R-CNN [32],
SSD [33], and R-FCN [34]; these models achieve state-of-
the-art results on several data sets. Before the YOLO, many
approaches on object detection, for example, R-CNN and
Faster R-CNN, repurpose classifiers to perform detection.
Instead, YOLO frame object detection is a regression problem
to separated bounding boxes and associated class probabil-
ities. The YOLO framework uses a custom network based
on the Googlenet architecture, using 8.52 billion operations
for a forward pass. However, a more recent improved model
called YOLOv2 [35] achieves comparable results on standard
tasks like PASCAL VOC and COCO. In YOLOv2 network, it
uses a newmodel, calledDarknet-19, and has 19 convolutional
layers and 5 maxpooling layers; the model only requires 5.58
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Figure 1: Flowchart of vehicle classification.

billion operations. In conclusion, YOLOv2 is a state-of-the-
art detection system, it is better, faster, and stronger than
others and applied for object detection tasks in this work.

At last, unsupervised pretraining initializes the model to
a point in the parameter space that somehow renders the
optimization process more effective, in the sense of achieving
a lower minimum of the empirical loss function [36]. Much
recent research has been devoted to learning algorithms for
deep architectures such as Deep Belief Networks [37, 38] and
stacks of autoencoder variants [39]. After vehicle detection,
we can easily get a lot of unlabeled images of vehicles and
optimize the classification model parameters initialization by
unsupervised pretraining.

3. Methodology

In this section, we will present the details of themethod based
on CNNs for image-based vehicle detection and vehicle clas-
sification. This section contains three parts: vehicle detection,
vehicle classification, and pretraining approach.The relations
between each part and the overall framework of the entire
idea is shown in Figure 1.

3.1. Vehicle Detection. Our images taken from static cameras
in different refueling station contain front views of vehicles
or side views of vehicles at any point. The vehicles in images
are very indeterminacy; this makes the vehicle detection
more difficult in traditional methods based on hand-crafted
features.

The YOLOv2 model is trained on COCO data sets, it can
detect 80 common objects in life, such as person, bicycle, car,
bus, train, truck, boat, bird, cat, etc., and therefore we can
perform vehicle detection based on YOLOv2. In a picture of
the vehicle which is waiting for entering the refueling station
shown in Figure 2, YOLOv2 can well detect many objects, for
example, the security guards, drivers, the vehicle, and queued
vehicles, and even vehicles on the side of road. Here, our
goal is to pick up the vehicle which is waiting for entering
in picture.

truck

truck

person

person

person
persperson

car car car

Figure 2: YOLOv2 detection. Top: truck. Down: car.

Although trained YOLOv2 can detect the vehicle and
divide it into bicycle, car, motorbike, bus, and truck, it does
not meet our classification categories. In order to solve this
problem, to fine-tune the YOLOv2 on our data could be a
solution, but this method needs amount of manual labeled
data and massive computation, it is not a preferable method
for us, and then, we presented a rule-based method to
detect four categories vehicles more accurately. First, from
the YOLOv2 detection results, we select the objects which
are very similar to our targets, such as car, bus, truck, and
motorbike; second, according to the distance between the
vehicle and the camera, the closer the vehicle is, the bigger
the target is, we choose the most similar vehicle in picture
as the target vehicle entering the refueling station for further
vehicle behavior analysis.

3.2. Vehicle Classification. According to the function and size
of vehicles, vehicles will be divided into four categories of
motorcycle, transporter, passenger, and others. Motorcycle
includes motorcycle and motor tricycle; transporter includes
truck and container car; passenger includes sedan, hatchback,
coupe, van, SUV, and MPV; others include vehicles used in
agricultural production and infrastructure, such as tractor
and crane, and other types of vehicles. Figure 3 shows the
sheared samples in four categories in each column. As we can
see, samples images are very different in shape, color, size,
and angle of camera, even the samples images in the same
category. And Figure 3(b) bottom and Figure 3(c) bottom are
not in the same category, but they are very similar, especially
on front face, shape, and color, whichmakes the classification
between transporter and passenger more difficult.
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(a) (b) (c) (d)

Figure 3: Sheared vehicle image examples for four categories. (a) Motorcycle; (b) transporter; (c) passenger; (d) others.

Table 1: The structure of C4M3F2.

Layer Type/Activation Size/Stride Filters
Convolutional/ReLU 3×3/1 32
Max Pooling 2×2/2
Convolutional/ReLU 3×3/1 64
Convolutional/ReLU 3×3/1 64
Max Pooling 2×2/2
Convolutional/ReLU 3×3/1 64
Max Pooling 2×2/2
Fully Connected/ReLU 1024
Fully Connected 1024
Softmax 4

To solve this difficult problem, we presented a convo-
lutional classification model which is effective and requires
little amount of operations. Our model, called C4M3F2, has
4 convolutional layers, 3 max pooling layers, and 2 fully
connected layers.

Each convolutional layer contains multiple (32 or 64)
3∗3 kernels, and each kernel represents a filter connected to
the outputs of the previous layer. Each max pooling layer
contains multiple max pooling with 2×2 filters and stride
2; it effectively reduces the feature dimension and avoids
overfitting. For fully connected layers, each layer contains
1024 neurons, each neuron makes prediction from its all
input, and it is connected to all the neurons in previous layers.
For each sheared vehicle image detected from YOLOv2, it
has been resized to 48×48 and then passed into C4M3F2.
Eventually, all the features are passed to softmax layer, and
what we need to do is just minimizing the cross entropy loss
between softmax outputs and the input labels. Table 1 shows
the structure of our model C4M3F2.

3.3. Pretraining Approach. With the purpose of achieving
a satisfactory classification result, we need more labeled
images for training our model, but there is a shortage of
labeled images; however, there are plenty of images collected
easily, and how to use the plenty of unlabeled images for
optimization of our classification model has become themain
content in this subsection.

The motivation of this unsupervised pretraining ap-
proach is to optimize the parameters in convolutional kernel

Input Code

Encoder

Reconstruction

Decoder

Error

Figure 4: Autoencoder.

parameters. Kernel training in C4M3F2 starts from a random
initialization, and we hope that the kernel training procedure
can be optimized and accelerated using a good initial value
obtained by unsupervised pretraining. In addition, pretrain-
ing initializes themodel to a point in the parameter space that
somehow renders the optimization process more effective, in
the sense of achieving a lower minimum of the loss function
[36]. Next, we will explain how to greedy layer-wise pretrain
the convolution layers and the fully connected layers in the
C4M3F2 model. Max pooling layer function is subsampling;
it is not included in layer-wise pretraining process.

An autoencoder [40] neural network is an unsupervised
learning algorithm that applies backpropagation, setting the
target values to be equal to the inputs. It uses a set of
recognition weights to convert the input into code and then
uses a set of generative weights to convert the code into an
approximate reconstruction of the input. Autoencoder must
try to reconstruct the input, which aims to minimize the
reconstruction error as shown in Figure 4.

According to the aim of autoencoder, our approach for
unsupervised pretrainingwill be explained. In every convolu-
tional layer, convolution can be regarded as the encoder, and
deconvolution [41] is taken as the decoder, which is a very
unfortunate name and also called transposed convolution.
An input image is passed into the encoder, then the output
code getting from encoder is passed into the decoder to
reconstruct the input image. Here, Euclidean distance, which
means the reconstruct error, is used to measure the similarity
between the input image and reconstructed image, so the aim
of our approach is minimizing the Euclidean paradigm. For
pretraining the next layer, first, we should drop the decoder
and freeze the weights in the encoder of previous layers and
then take the output code of previous layer as the input in this



Advances in Multimedia 5

layer and do the same things as in previous layer. Next how
to use transposed convolution to construct and minimize the
loss function in one convolutional layer will be described in
detail as follows.

The convolution of a feature maps and an image can be
defined as

𝑦𝑖𝑗 = 𝑤𝑖 ⊕ 𝑥𝑗 (1)

where ⊕ denotes the 2D convolution,𝑦𝑖𝑗 ∈ 𝑅𝑟𝑥×𝑐𝑥 is the
convolution result and the padding is set to keep the input and
output dimensions consistent. 𝑤𝑖 ∈ 𝑅𝑟𝑤×𝑐𝑤 is the 𝑖th kernel,
and 𝑥𝑗 ∈ 𝑅𝑟𝑥×𝑐𝑥 denotes the 𝑗th training image.

Then, transform the convolution based on circulant
matrix in linear system. A circulant matrix is a special kind of
Toeplitz matrix where each row vector is rotated one element
to the right relative to the preceding row vector. An 𝑛 × 𝑛
circulant matrix C takes the form in

𝐶 =
[[[[[[[[[

𝑐0 𝑐𝑛−1𝑐1 𝑐0 ⋅ ⋅ ⋅ 𝑐2 𝑐1𝑐3 𝑐2... d
...𝑐𝑛−2 𝑐𝑛−3𝑐𝑛−1 𝑐𝑛−2 ⋅ ⋅ ⋅ 𝑐0 𝑐𝑛−1𝑐1 𝑐0

]]]]]]]]]
(2)

Let 𝑓𝑗, ℎ𝑖 ∈ 𝑅𝑟𝑒×𝑐𝑒 be the extension of 𝑥𝑗, 𝑤𝑖, where 𝑟𝑒 =𝑟𝑥 + 𝑟𝑤 − 1, 𝑐𝑒 = 𝑐𝑥 + 𝑐𝑤 − 1. And the method is as follows (3)
and (4), where 𝑂 is zero matrix:

𝑓𝑗 = [𝑥𝑗 𝑂𝑂 𝑂] (3)

ℎ𝑖 = [𝑤𝑖 𝑂𝑂 𝑂] (4)

Let 𝑓V
𝑗 ∈ 𝑅𝑟𝑒𝑐𝑒×1 be 𝑓𝑗 in vectored form, 𝑟𝑜𝑤𝑎 be a row

of ℎ𝑖, and 𝑟𝑜𝑤𝑎 = [𝑛0, 𝑛1, 𝑛2, ⋅ ⋅ ⋅ , 𝑛𝑐
𝑒
−1]. To build circulant

matrices 𝐻0,𝐻1, 𝐻2, ⋅ ⋅ ⋅ , 𝐻𝑐
𝑒
−1 by 𝑟𝑜𝑤𝑎 and by these circu-

lant matrices, a block circulant matrix is defined as shown in
formula (5).

𝐻 =
[[[[[[[[[

𝐻0 𝐻𝑐
𝑒
−1𝐻1 𝐻0 ⋅ ⋅ ⋅ 𝐻2 𝐻1𝐻3 𝐻2... d

...𝐻𝑐
𝑒
−2 𝐻𝑐

𝑒
−3𝐻𝑐

𝑒
−1 𝐻𝑐

𝑒
−2

⋅ ⋅ ⋅ 𝐻0 𝐻𝑐
𝑒
−1𝐻1 𝐻0

]]]]]]]]]
(5)

Here, we can transform the convolution into (6).

𝑄 = 𝐻𝑓V
𝑗 (6)

𝑄 is the vector form of result of convolution calculation
and then to reshape 𝑄 into 𝑄 ∈ 𝑅𝑟𝑒×𝑐𝑒 . In this convolution
process, the padding is dealing with filling 0, but in actual
implementation of our approach, we keep the convolutional
input and output dimensions consistent. So we need to prune

the extra values to keep the input and output dimensions
consistent. So we intercept the matrix 𝑄, then 𝑦𝑖𝑗 = 𝑄[𝑟𝑤 −1 : 𝑟𝑒 − 𝑟𝑤 + 1, 𝑐𝑤 − 1 : 𝑐𝑒 − 𝑐𝑤 + 1].

To simplify the calculation, we extract the effective rows
of 𝐻 according to the effective row indexes which indicates
the position of the elements of 𝑦𝑖𝑗 in 𝑄 and denote these rows
by𝑊𝑖 ∈ 𝑅(𝑟𝑒−2𝑟𝑤+2)(𝑐𝑒−2𝑐𝑤+2)×2𝑐𝑒 .

Now, 𝑌𝑖𝑗 ∈ 𝑅(𝑟𝑒−2𝑟𝑤+2)(𝑐𝑒−2𝑐𝑤+2)×1 is vector form of 𝑦𝑖𝑗, so
the convolution can be rewritten as

𝑌𝑖𝑗 = 𝑊𝑖𝑓V
𝑗 (7)

There are 𝐽 training vehicle images and 𝐾 kernels. Let𝑋 = [𝑓V
1 , 𝑓V
2 , . . . , 𝑓V

𝑗 ], and 𝑊 = [𝑊1;𝑊2; . . . ;𝑊𝐾].
The convolution can be calculated as

𝑌 = W𝑋 (8)

And the deconvolution can be calculated

𝑋 = 𝑊𝑇𝑌 (9)

So 𝑋 is the X reconstruction. Then loss function based
on Euclidean paradigm is defined in formula (10), being

loss (𝑊,𝑋) = 𝑋 − 𝑋2 = √ 𝐽∑
𝑗=1

(𝑋𝑗 − 𝑋𝑗)2 (10)

Then, we used adam optimizer, which is an algorithm for
first-order gradient-based optimization of stochastic objec-
tive functions based on adaptive estimates of lower-order
moments, to solve the minimum optimization problem in
formula (10).

After the greedy layer-wise unsupervised pretraining, we
initiate the parameters in every convolutional layer with
the pretrained values and run the supervised training for
classification according to themethod in previous subsection.

4. Experiments and Discussions

We evaluated the presented algorithm on our data and
compared it with other four state-of-the-art methods.

4.1. Datasets and Experiment Environment. The vehicles
images are taken by the static cameras in different refuel
stations; after being compressed, they are sent to servers.
The quality of images on servers is lower than that selected
by random and classified into four categories of motorcycle,
transporter, passenger, and others by hand. We got 498
motorcycle images, 1109 transporter images, 1238 passenger
images, and 328 other images. Due to the time-consuming
and labor-intensive of manual labeling, there is a shortage of
labeled images. Image augmentation has been used to enrich
the data. Keras, the excellent high level neural network API,
provides the ImageDataGenerator for image data preparation
and augmentation. Shear range is set to -0.2 to 0.2, zoom
range is set to -0.2 to 0.2, rotation range is set to -7 to 7, size
is set to 256×256, and the points outside the boundaries are
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Figure 5: Comparison of training process between original and
sheared.

filled according to the nearest mode. After configuration and
taking into account the balance of data, we fitted it on our
data and got 1400 samples for every categories on the training
set and 600 samples for every categories on the testing set to
assess our classification model.

For vehicle classification, the CNNs are under Tensorflow
framework, the SIFT is under OpenCV (https://opencv.org/),
and other feature embedding methods are under scikit-
image (http://scikit-image.org/). All the experiments were
conducted on a regular notebook PC (2.5-GHz 8-core CPU,
12-G RAM, and Ubuntu 64-bit OS).

4.2. Vehicle Detection Experiment with YOLOv2. For the
experiment using original images, the original training set
and test set are used for training and testing, for the exper-
iment using sheared images, we used the approach based on
trained YOLOv2 to detect the original training set and test
set to get the sheared training set and sheared testing set for
training and testing.

To verify the importance of vehicle detection for vehicle
classification, we designed two groups of vehicle classifica-
tion experiments, one using original images and the other
one using sheared images after vehicle detection, then, the
C4M3F2model is used for vehicle classification experiments.

We initialized the C4M3F2 model by truncated nor-
mal distribution, fitted the model on original training set
and sheared training set for 2000 epochs, respectively, and
recorded the accuracy of our C4M3F2 model on different
testing set; the results are shown in Figure 5. As we expected,
the sheared images of vehicles more accurately represent
the characteristics of vehicles, while pruning more useless
information and facilitating the feature extraction and vehicle
classification. As we can see in Figure 5, the accuracy of
C4M3F2 model using sheared data set is much better than
the one using original data set; in the previous training, the
characteristics of vehicles were extracted more accurately, so
that, the model quickly achieved a better classification results
and a stable status.

Finally, the accuracy of C4M3F2 using sheared data set is
91.42%, which is 4.53% higher than the 86.89% of C4M3F2
using original data set. It can be concluded that the results
of vehicle classification using sheared data set after vehicle
detection based on YOLOv2 can be improved effectively.

Table 2: Accuracy and FPS of different methods.

Method Accuracy FPS
HOG+SVM 60.12% 4
DAISY+SVM 69.04% 2
ORB+BoW+SVM 64.07% 7
SIFT+BoW+SVM 74.49% 5
DeCAF[1] 66.20% 13
CNNs 91.42% 800

4.3. Compare Our Approach with Others. There are many
other image classification methods. To assess our classifi-
cation model, we compared our approach with other five
methods.

The five methods are based on the image features defined
by the scholars in computer image processing. Considering
the comprehensive factors, four kinds of image features and
a convolutional method are selected, they are histograms of
oriented gradient (HOG) [42], DAISY [43], oriented FAST,
and rotated BRIEF (ORB)[44], scale-invariant feature trans-
form (SIFT) [45], and DeCAF[1] respectively. These methods
are excellent in target object detection in [1, 42–45]. HOG
is based on computing and counting the gradient direction
histogram of local regions. DAISY is a fast computing local
image feature descriptor for dense feature extraction, and
it is based on gradient orientation histograms similar to
the SIFT descriptor. ORB uses an oriented FAST detection
method and the rotated BRIEF descriptors; unlike BRIEF,
ORB is comparatively scale and rotation invariant while still
employing the very efficient Hamming distance metric for
matching. SIFT is the most widely used algorithm of key
point detection and description. It takes full advantage of
image local information. SIFT feature has a good effect in
rotation, scale, and translation, and it is robust to changes in
angle of view and illumination; these features are beneficial
to the effective expression of targets information. For HOG
and DAISY, image features regions are designed; features
are computed and sent into SVM classifier to be classified.
For ORB and SIFT, they do not have acquisition features
regions and specified number of features; we get the image
features based on Bag-of-Words (BoW) model by treating
image features as words. In the first instance, all features
points of all training build the visual vocabulary; in the next
place, a feature vector of occurrence counts of the vocabulary
is constructed from an image; in the end, the feature vector
is sent into SVM classifier to be classified. DeCAF uses five
convolutional layers and two fully connected layers to extract
features and a SVM to classify the image into the right group
[1].

Here, we performed vehicle classification experiments on
sheared data set. Table 2 shows the accuracy and FPS of CNNs
and other state-of-the-art methods in test; other methods are
very slow because they take a lot of time to extract features.
It can be observed that the results show the effectiveness of
CNNs on vehicle classification problem.

From another point of view, we demonstrated the clas-
sification ability of each method by confusion matrix of the
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Figure 6: Confusion matrix of classification of different methods.

classification process from the five methods in Figure 6. The
main diagonal displays the high recognition accuracy. As
shown in Figure 6, the top five comparative methods are
better in recognition of motorcycle than other categories.
Generally speaking, ORB or SIFT combined with BoW and
SVMmethod is a little better than the other two methods. All
taken into account, our CNNs method is the best. But, the
performance of CNNs turns out not so satisfactory in view
than the confusion of transporter and passenger.

Next, we will focus on the reason of confusion in CNNs.
According to the precision, recall, and f1-score of classifica-
tion in Table 3, it shows that the identification of motorcycle
is very good enough, and the identification of transporter and
passenger is relatively poor.

As shown in the examples in Figure 7, it can be seen that
the wrongly recognized transporter and passenger images
include vehicle face information mainly and very little vehicle
body information, as far as themain vehicle face is concerned;
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Figure 7: Examples of wrongly recognized vehicles images. First
row: wrongly recognized as passenger which should be transporter.
Second row: wrongly recognized as transporter which should be
passenger.
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Figure 8: Comparison of training process between pretrained and
without pretraining.

Table 3: Classification precision, recall, and f1-score of CNNs.

Type Precision Recall F1-score
Motorcycle 0.97 0.95 0.96
Transporter 0.87 0.85 0.86
Passenger 0.90 0.91 0.90
Other 0.93 0.93 0.93

these vehicles images are so similar in profile that it is still a
challenge to recognize same images in Figure 7 manually.

4.4. PretrainingApproachExperiment. Weare eager for better
performance of our classification model C4M3F2. Here,
unsupervised pretraining has been used for optimization of
our classification model. 17395 sheared vehicles images are
obtained by shearing the unlabeled vehicles images.

We pretrained the parameters of every convolutional
layer for 2000 epochs and then supervised training the model
on our sheared training set and tested it on our sheared
testing set; the results is shown in Figure 8. In the process
of training, the conclusion is that the effect is more obvious
in the previous epochs, and the overall training process is
stable relatively. Ultimately, the accuracy of pretrained CNNs
is 93.50%, which is 2.08% higher than the 91.42% of CNNs
without pretraining.

Table 4: Classification precision, recall, and f1-score of pretrained
CNNs based on sheared dataset.

Type Precision Recall F1-score
Motorcycle 0.99 0.99 0.99
Transporter 0.90 0.99 0.99
Passenger 0.91 0.92 0.92
Other 0.95 0.96 0.95

Table 5: Classification precision, recall, and f1-score of pretrained
CNNs based on original dataset.

Type Precision Recall F1-score
Motorcycle 0.99 0.99 0.99
Transporter 0.79 0.82 0.81
Passenger 0.84 0.79 0.81
Other 0.90 0.94 0.92

Table 6: The classification accuracy under different strategies.

Original Sheared
CNNsWithout pre-training 86.89% 91.42%
CNNs with pre-training 88.29% 93.5%

By analyzing the classification performance of pretrained
CNNs, shown in Table 4, we can draw a conclusion that
its performance is better than the one of CNNs without
pretraining shown in Table 3, especially for the classification
of transporter and passenger. In summary, pretrained CNN
is more effective in recognizing the vehicles categories, and it
is a state-of-the-art approach for vehicle classification.

In the end, to verify the effect of detection in the entire
system, we conducted ablation study by pretraining and
testing our model on the original dataset which has not
been sheared by YOLOv2 and contains a large quantity of
irrelevant background. Ultimately, the accuracy of pretrained
CNNs on original dataset is 88.29%, which is 5.21% lower
than the 93.5% of pretrained CNNs on sheared dataset and
even lower than the 91.42% of CNNs without pretraining
on sheared dataset; the classification performance is shown
in Table 5. And according the classification accuracy in
Table 6, we can conclude that this ablation study confirms
the essentiality of detection virtually in the whole vehicle
classification system.

5. Conclusions

A classification method based on CNNs has been detailed
in this paper. To improve the accuracy, we used vehicle
detection to removing the unrelated background for facili-
tating the feature extraction and vehicle classification. Then,
an autoencoder-based layer-wise unsupervised pretraining is
introduced to improve the CNNs model by enhancing the
classification performance. Several state-of-the-art methods
have been evaluated on our labeled data set containing four
categories of motorcycle, transporter, passenger, and others.
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Experimental results have demonstrated that the pretrained
CNNsmethod based on vehicle detection is themost effective
for vehicle classification.

In addition, the success of our vehicle classification makes
a vehicle color or logo recognition system possible in our
refueling behavior analysis; meanwhile, it is a great help to
urban computing, intelligent transportation system, etc.
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It is a challenging issue to deal with kinds of appearance variations in visual tracking. Existing tracking algorithms build appearance
models upon target templates. Those models are not robust to significant appearance variations due to factors such as illumination
variations, partial occlusions, and scale variation. In this paper, we propose a robust tracking algorithm with a learnt dictionary to
represent target candidates. With the learnt dictionary, a target candidate is represented with a linear combination of dictionary
atoms. The discriminative information in learning samples is exploited. In the meantime, the learning processing of dictionaries
can learn appearance variations. Based on the learnt dictionary, we can get a more stable representation for target candidates.
Additionally, the observation likelihood is evaluated based on both the reconstruct error and dictionary coefficients with ℓ1
constraint. Comprehensive experiments demonstrate the superiority of the proposed tracking algorithm to some state-of-the-art
tracking algorithms.

1. Introduction

Visual tracking is a fundamental task in computer vision,
which is applied in a wide range of applications, such as intel-
ligent transportation, video surveillance, human-computer
interaction, and video editing. The goal of visual tracking is
to estimate target states of a tracked target in each frame.
Although many tracking algorithms are proposed in recent
decades [1], designing a robust tracking algorithm remains a
challenging issue due to factors such as fast motion, out-of-
rotation, nonrigid deformation, and background clutters.

Based on the types of target observations, visual tracking
algorithms can be classified as either generative [2–6] or
discriminative [7–14]. Generative tracking algorithms search
for an image patch that has the most similarity to the tracked
target model as the tracking result in the current frame.
For a generative algorithm, the prime problem is to build
an effective appearance model that is robust to complicated
appearance variations.

The discriminative tracking algorithms consider visual
tracking as a binary classification problem.The tracked target

is distinguished from the surround background by learnt
classifiers. The classifiers compute the confidence value for
target candidates and distinguish each as a foreground target
or a background block. In this work, we will propose a
generative algorithm. Next, we briefly review some related
works to our tracking algorithm and some recent tracking
algorithms.

Kwon et al. [3] decompose the observation model and
motion models into multiple basic observation models
and multiple basic motion models, respectively. Each basic
observation model covers a target appearance variation.
Each basic motion model covers a special motion model.
A basic observation model and a basic motion model are
combined into a basic tracker. The tracking algorithm is
robust to drastic appearance changes. He et al. [4] propose
an appearance model based on locality sensitive histograms
at each pixel location. The proposed observation model is
robust to drastic illumination variations. In [2], a target
candidate is represented by a set of intensity histograms
of multiple image patches, which has a vote value on the
corresponding position. A target candidate is represented
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by fixed target templates, which is not robust to drastic
appearance variations. Wang et al. [6] represent a target
candidate based on target templates with affine constraint.
The observation likelihood is computed based on a learnt
distance metric.

The representation technique with sparse constraint is
applied into visual tracking [15–19]. The target representa-
tions with sparsity are robust to outliers and occlusions. In
[15], Mei et al. use a set of target templates to represent
target candidates and represent partial occlusions with trivial
templates.The algorithm in [15] is robust to partial occlusion.
While severe occlusions occur, the algorithm is not effective.
Zhong et al. [18] propose a collaborative model with sparsity
constraint. In order to improve the tracking performance,
the tracking algorithm combines the generative model and
discriminative model. Zhang et al. [16] exploit the spatial
layout structure of a target candidate and represent target
appearance based on local information and spatial structure.
In [19], a target candidate is represented by underlying
low-rank with sparse constraints, in which the temporal
consistency is used.

Recently, correlation filter [21–24] and deep network [25–
28] techniques are applied into visual tracking. In [23], the
tracking algorithm takes different features to learn correlation
filter. The proposed appearance model is robust to large-
scale variations and maintain multiple modes in a particle
filter tracking framework. Liu et al. [22] exploit the part-
based structure information for correlation filter learning.
The learnt filters can accurately distinguish foreground parts
from the background. In [28], Ma et al. exploit object features
from deep convolutional neural networks. The output of
the convolutional layers includes semantic information and
hierarchies, which is robust to appearance variations. Huang
et al. [27] propose deep feature cascades based tracking
algorithm, which considers the visual tracking as a decision-
making process.

Motivated by the above-mentioned work, we propose a
learnt dictionary based appearancemodel. A target candidate
is represented by a linear combination of the learnt dictionary
atoms. The dictionary learning process can learn appearance
variations. The dictionary atoms cover recent appearance
variations and a stable target representation is obtained. The
observation likelihood is evaluated based on the reconstruc-
tion error with sparse constrain on dictionary coefficients.
Extensive experimental results on some challenging video
sequences show the robustness and effectiveness of the
proposed appearance model and the tracking algorithm.

The remainder of this paper is organized as follows.
Section 2 proposes the novel tracking algorithm, which
includes the appearance model, the dictionary learning, the
observation likelihood evaluation, and the dictionary update.
Section 3 compares the tracking performance of the proposed
tracking algorithm with some state-of-the-art algorithms.
Section 4 concludes this work.

2. Proposed Tracking Algorithm

In this section, we detail the proposed tracking algorithm
including an appearance model based on a learnt dictionary,

discrimination dictionary learning for target representation,
and a novel likelihood function. In this work, we propose
the tracking algorithm in a particle filter tracking framework
[29]. The particle filter framework is widely used in visual
tracking due to its effectiveness and simplification.

In our tracking algorithm, the target state in the first
frame is given as s1. y1 denotes the corresponding target
observation of s1. In the first frame, a set of particles
(i.e., target candidates) are extracted and denoted as X1 =
{x11, x
2
1, . . . , x

𝑚
1 }. These particles are collected by cropping

out an image regions surrounding the location of s1. These
particles have same sizes as s1 and they have same important
weights as 𝑤𝑖1 = 1/𝑚, 𝑖 = 1, 2, . . . , 𝑚. The particles in frame
𝑡 are denoted as X𝑡 = {x1𝑡 , x

2
𝑡 , . . . , x

𝑚
𝑡 }. The states and the

corresponding observation of particle x𝑖𝑡 are denoted as s
𝑖
𝑡 and

y𝑖𝑡 with important weights 𝑤𝑖𝑡, respectively.
The particles X𝑡 = {x1𝑡 , x

2
𝑡 , . . . , x

𝑚
𝑡 } in frame 𝑡 are

propagated from frame 𝑡 − 1 according the state transition
model 𝑝(x𝑖𝑡 | x

𝑖
𝑡−1). 𝑝(x

𝑖
𝑡 | x
𝑖
𝑡−1) is assumed to be a Gaussian

distribution:

𝑝 (x𝑖𝑡 | x
𝑖

𝑡−1) ∼ G (x𝑖𝑡 | x
𝑖

𝑡−1, Σ) , (1)

where the covariance Σ is a diagonal matrix, in which the
diagonal entries denote the variances of the 2D position and
the scale of a target candidate.

The target state and the corresponding observation in
the 𝑡-th frame are denoted as s𝑡 and y𝑡, respectively. In the
particle filter framework, the s𝑡 in the frame 𝑡 is approximately
estimated by x𝑖𝑡 as

s𝑡 =
𝑚

∑
𝑖=1

𝑤𝑖𝑡x
𝑖

𝑡, (2)

where 𝑤𝑖𝑡 is the weight of the particle x
𝑖
𝑡. In the tracking, the

particle weights are dynamically updated according to the
likelihood of the particle x𝑖𝑡 as

𝑤𝑖𝑡 = 𝑤𝑖𝑡−1𝑝 (y𝑖𝑡 | x
𝑖

𝑡) , (3)

where𝑝(y𝑖𝑡 | x
𝑖
𝑡) is the likelihood function of particle x

𝑖
𝑡, which

is introduced in (15).

2.1. Target Representations. In existing algorithm, a target
candidate is represented by a linear combination of a set of
target templates. These templates are usually generated from
tracking results in previous frames.There are somenoises and
uncertain information in these templates due to complicated
appearance variations. These tracking algorithms are not
robust to drastic variations. Thus, in our tracking algorithm,
a target candidate is approximately represented by the atoms
of a learnt dictionary.

Based on a learnt dictionaryD = [d1, d2, . . . , d𝑛], a target
candidate y is approximately represented as

y = d1𝛼1 + d2𝛼2 + ⋅ ⋅ ⋅ + d𝑛𝛼𝑛, (4)

whereD = [d1, d2, . . . , d𝑛] is a learnt dictionary. d𝑖 is an atom
of the learnt dictionary D. 𝑛 is the number of the atoms. 𝛼 =
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[𝛼1, 𝛼2, . . . , 𝛼𝑛]
T ∈ R𝑛 is the coefficient of the dictionary D.

The dictionary coefficient 𝛼 is evaluated by solving

�̂� = argmin
𝛼

y −D𝛼
2

2
, (5)

where 𝛼 are the coefficient vector for the target candidate y
associated with a learnt dictionaryD.

2.2. Dictionary Learning. In existing tracking algorithms,
target candidates are represented by target templates, which
are some tracking results from previous frames. To improve
the tracking performance, we use a learnt dictionary to
approximately represent target candidates.

Denote by T = [t1, t2, . . . , t𝑛] the set of training samples.
Denote by V the coding vector matrix of training samples
T over D, i.e., T = DV. The learnt dictionary should
have discriminative capability and can adapt to learn appear-
ance variations like partial occlusions, nonrigid deformation,
illumination variations, and so on. Based on the learnt
dictionary, a stable target representation model is obtained.
Motivated by a dictionary learning method [30], we use a
discriminative dictionary learning model as

𝐽𝐷,𝑉 = argmin
D,V

{Φ (T,D,V) + 𝛾1 ‖V‖1 + 𝛾2𝑓 (V)} , (6)

where Φ(T,D,V) is the discriminative fidelity term; ‖V‖ is
the sparsity constraint on the coefficient matrix V; 𝑓(V) is a
discriminate constraint on the coding coefficient matrixV; 𝛾1
and 𝛾2 are parameters for balancing this constraint terms. In
[30], the dictionaryD includes a set of subdictionaries for all
classes. Different from the dictionary learning in [30], in our
tracking algorithm,D is a one-class dictionary and it is learnt
from only a set of positive training samples.

In the dictionary learning process, based on the recon-
struction error between the training samples T and the
dictionaryD, the discriminative fidelity term is defined as

Φ (T,D,V) = ‖T −DV‖2𝐹 . (7)

To improve the discriminative performance of the learnt
dictionary, we add the Fisher discriminative criterion to
minimize the within-class scatter of the coefficient matrix V.
Denote by 𝑆(𝑉) the with-class scatter, which is defined as

𝑆 (𝑉) = ΣV𝑖∈V (V𝑖 − 𝑚) (V𝑖 − 𝑚)𝑇 , (8)

where V𝑖 is a vector of the coefficient matrixV,𝑚 is the mean
vector of the coefficient vector V. In the learning process,
we use the trace of 𝑆(𝑉) as constraint term 𝑓(V) in (6). To
prevent some coefficients that are too large in constraint term,
a regularized term ‖V‖2𝐹 is added to 𝑓(V)

𝑓 (V) = tr (𝑆 (V)) + 𝜇 ‖V‖2𝐹 , (9)

where 𝜇 is a balancing parameter.
Based on (7), (8), and (9), the dictionary learning model

can be rewritten as
𝐽(𝐷,𝑉) = arg min

(D,V)
{‖T −DV‖2𝐹 + 𝛾1 ‖V‖1 + 𝛾2 tr (𝑆 (V))

+ 𝛾3 ‖V‖2𝐹} ,
(10)

where 𝛾1, 𝛾2, and 𝛾3 are positive scalar parameters.

In (10), we update the dictionaryD and the corresponding
coefficient V, iteratively. In the updating processing, one is
updated when the other is fixed. When the dictionary D is
fixed, the optimization function is reduced to the following:

𝐽(𝑉) = arg min
(D,V)

{‖T −DV‖2𝐹 + 𝛾1 ‖V‖1 + 𝛾4 ‖V‖2𝐹} , (11)

and

𝑓 (V) = (V𝑖 − 𝑚)𝑇 (V𝑖 − 𝑚) + 𝛾3 ‖V‖2𝐹 , (12)

where V𝑖 is a vector of the coefficient matrix V and 𝑚 is the
mean vector of the coefficient vector V.

When V is fixed, the dictionaryD in (10) is updated as

𝐽(𝐷) = argmin
(D)

‖T −DV‖2𝐹 . (13)

In the learning process, the training samples are primely
important, which should reflect the recent variations of the
tracked target and keep diversity to adapt to target appearance
variations. In the first frame, a set of training samples are
collected. Firstly, the initialized target is selected as training
samples. In the meantime, the other training samples are
selected by perturbing a few pixels surrounding the center
location of the tracked target.

In order to keep the diversity of the learnt dictionary to
appearance variations, we set the size of the training samples
to 25. In the subsequent frames, we should update the training
samples and relearn a dictionary to adapt to target appearance
variations. At the current frame, when the tracked target state
is computed and located, we crop the corresponding image
and extracted the feature vector as a new training sample.
Then, the new training sample is added to the set of current
training samples and the oldest training sample is swapped.

2.3. Likelihood Evaluation. The similarity metric of a target
candidate and the corresponding candidate is an important
issue in visual tracking. In this work, the similarity is
measured as

𝑑 (y,D�̂�) = (y −D�̂�)𝑇 (y −D�̂�) , (14)

whereD is the learnt dictionary and �̂� is the coefficient vector
of the learnt dictionary computed in (6).

Based on the distance between a target candidate and
the corresponding template dictionary, the target observation
likelihood is computed as

𝑝 (y | x) ∝ exp {−𝜓 (𝑑 (y,D�̂�)) − 𝜁 ‖�̂�‖1} , (15)

where 𝑑(y,D�̂�) is the distance between a target candidate
y and the corresponding dictionary D, 𝜓 is the standard
deviation of the Gaussian, and 𝜁 is a positive parameter.

2.4. Visual Tracking with Dictionary Based Representation.
By integrating the proposed target representation and the
online dictionary learning and updating and the observation
evaluation, the proposed visual tracking algorithm is outlined
in Algorithm 1. The particle filter framework is used for all
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(1) In the first frame, manually select the tracked target state s1; collect 𝑛 training samples
T = [t1, t2, . . . , t𝑛]; learn a dictionaryD1 = [d1, . . . , d𝑛] according to the learning scheme
in Section 2.2; sample𝑚 particles {x𝑖1}

𝑚

𝑖=1 with equal weights as 1/𝑚.
Input: t-th video frame.

(2) Resample𝑚 particles {x𝑖𝑡}
𝑚

𝑖=1 according to motion model 𝑝(x𝑖𝑡 | x
𝑖
𝑡−1).

(3) Extract feature vectors {y𝑖𝑡}
𝑚

𝑖=1 according to {x𝑖𝑡}
𝑚

𝑖=1.
(4) for 𝑖 = 1 to𝑚 do
(5) Compute observation likelihoods 𝑝(y𝑖𝑡 | x

𝑖
𝑡) via Eqn. (15).

(6) Update particle weight 𝑤𝑖𝑡 via Eqn. (3).
(7) end
(8) Compute target state ŝ𝑡 with Eqn. (2).
(9) Extract feature vector y𝑡 according to ŝ𝑡.
(10) Update the training samples with y𝑡.
(11) Learn dictionaryD𝑡 according to Eqns. (11) and (13) in Section 2.2.
(12) Obtain dictionaryD𝑡.
(13) Return ŝ𝑡.

Algorithm 1: Proposed tracking algorithm.

Table 1: Average frames per second (FPS).

Sequence Coupon Fish Football Football1 Man Singer2 Sylv Walking
Frames 327 476 362 74 134 366 1345 412
Total times 269 430 196 39 67 437 724 253
FPS 1.21 1.11 1.84 1.90 1.99 0.84 1.86 1.63

video sequences. For a video sequence, the tracked target
is manually selected by a bounding box in the first frame.
A set of particles (i.e., target candidates) are selected with
sameweights in the particle framework.The training samples
are collected and a dictionary is learnt in the first frame. In
the subsequent tracking processing, when the current target
states are evaluated, the current tracking result is added to the
training samples. The dictionary is relearnt according to the
updated training samples.

3. Experiments

We conduct comprehensive experiments on some challeng-
ing video sequences and compare the proposed tracking
algorithm against some state-of-the-art tracking algorithms.
These tracking algorithms include Struck [12], SCM [18],
VTD [3], Frag [2], L1 [15], LSHT [4], LRT [19], and TGPR
[20]. For fairness, we use the source codes or binary codes
provided by the authors and initialize all the evaluated
algorithms with default parameters in all experiments. 8
challenging video sequences from a recent benchmark [1] are
used to evaluate the tracking performance. Table 2 shows the
main challenging attributes in these test sequences.

The proposed tracking algorithm is implemented in
MATLAB. All experimental results are conducted on a PC
with Intel(R) Core(TM) i5-2400 3.10GHZ and 4GBmemory.
The number of particles is set to 300. The target features are
described by the histograms of sparse coding (HSC) [31].
The value of 𝜓 in (15) is set to 20. In the proposed tracking
algorithm, the number of atoms of a learnt dictionary is set
to 25.

The proposed tracking average processing time of the
proposed tracking algorithm is 1.55 frames per second (FPS).
We show the average tracking speed for each sequence
in Table 1. Compared with some state-of-the-art tracking
algorithms [1], the proposed tracking algorithm is superior
to SCM. However, it is slow to some tracking algorithms,
e.g., Struck, VTD, and LSHT. This is due to online dic-
tionary learning spending some time in optimizing the
target representation. We can learn the dictionary every five
frames. But this may influence the dictionary adaption to
complicated tracking surrounding. In our tracking algorithm,
the dictionary is learnt in each frame.

3.1. Quantitative Evaluation. We use four evaluation mea-
sures in the experiments including average center location
error, success rate, overlap rate, and precision. These mea-
sures are adopted in recent tracking benchmark [1].

We show the precision plots for these tracking algorithms
in Figure 1 for 9 tracking algorithms. The average center
location errors (CLE) are shown in Table 3. From Figure 1
and Table 3, we can see that the proposed tracking algorithm
obtains the best two results in six of eight sequences. The
proposed tracking algorithm achieves the smallest CLE over
all the 8 sequences. TGPR achieves robust tracking results
in the 𝐹𝑜𝑜𝑡𝑏𝑎𝑙𝑙1, 𝑆𝑦𝑙V, and 𝑆𝑖𝑛𝑔𝑒𝑟2 video sequences. LRT
obtains the best tracking results in the𝐶𝑜𝑢𝑝𝑜𝑛,𝑊𝑎𝑙𝑘𝑖𝑛𝑔, and
𝐹𝑜𝑜𝑡𝑏𝑎𝑙𝑙 video sequences. Struck tracks the 𝐹𝑖𝑠ℎ and 𝑀𝑎𝑛
video sequences well and achieves the best tracking results
in CLE.

Table 4 presents success rates for 9 tracking algorithms
on the 8 sequences. Figure 2 also shows the success rate
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Table 2: The main attributes of the 8 video sequences. Target size: the initial target size in the first frame; OPR: out-of-plane rotation; IPR:
in-plane rotation; BC: background clutter; IV: illumination variation; Occ: occlusion; Def: deformation; SV: scale variation.

Sequence Frames Image size Target size OPR IPR BC IV Occ Def SV
Coupon 327 320×240 62×98 √ √
Fish 476 320×240 60×88 √
Football 362 624×352 39×50 √ √ √ √
Football1 74 352×288 26×43 √ √ √
Man 134 241×193 26×40 √
Singer2 366 624×352 67×122 √ √ √ √ √
Sylv 1345 320×240 51×61 √ √ √
Walking 412 768×576 24×79 √ √ √
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Figure 1: Precision plots in terms of location error threshold (in pixels).

plots for the evaluated tracking algorithms. From Table 4
and Figure 2, it can be seen that the proposed tracking
tracks well in most of these video sequences. The proposed
tracking algorithmobtains the best tracking results inmost of
these video sequences. Additionally, TGPR achieves accurate
tracking results in the𝐹𝑖𝑠ℎ and 𝑆𝑖𝑛𝑔𝑒𝑟2 video sequences. LRT
achieves the best tracking results in the 𝐶𝑜𝑢𝑝𝑜𝑛, 𝑊𝑎𝑙𝑘𝑖𝑛𝑔,
and𝐹𝑜𝑜𝑡𝑏𝑎𝑙𝑙 video sequences. LSHTobtains the best tracking
results in the 𝐹𝑖𝑠ℎ,𝑀𝑎𝑛, and 𝐶𝑜𝑢𝑝𝑜𝑛 video sequences.

Table 5 presents the average overlap rates for the 9
tracking algorithms. It can be seen that the proposed tracking
algorithm achieves the best or the second best tracking results
in most video sequences. Struck, LSHT, LRT, and TGPR also
achieve robust tracking results in some video sequences.

3.2. Qualitative Evaluation. Next, wewill analyze the tracking
performance of these tracking algorithms on the 8 video
sequences.

In the𝐶𝑜𝑢𝑝𝑜𝑛 sequence shown in Figure 3(a), the tracked
target is a coupon book with cluttered background. When
the target is occluded by himself, VTD and L1 drift away
from the target. Frag, TGPR, VTD, and L1 lose the target
and track the other similar object until the end of whole
sequence. Struck, SCM, LSHT, LRT, TGPR, and the proposed
tracking algorithm can accurately track the target throughout
the video sequence.

Figure 3(b) presents some tracking results for the 9
tracking algorithms on the 𝐹𝑖𝑠ℎ sequence. Struck, LSHT,
and TGPR achieve accurate tracking results. The proposed
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Table 3: Average center location errors (in pixels). The best two results are shown in italic and bold colors, respectively.

Sequence Struck [12] SCM [18] VTD [3] Frag [2] L1 [15] LSHT [4] LRT [19] TGPR [20] Ours
Coupon 15.0 6.0 65.2 56.2 66.3 4.3 3.4 65.7 4.3
Fish 3.9 8.3 24.7 24.7 36.4 7.3 8.5 4.8 4.7
Football 15.3 6.9 218.3 4.6 68.4 7.2 3.8 6.2 4.9
Football1 7.0 10.4 6.4 11.9 59.3 30.8 12.1 5.0 4.9
Man 2.3 2.9 22.8 44.6 2.6 3.1 3.0 20.8 2.6
Singer2 174.7 172.2 20.2 35.9 145.8 18.4 126.6 8.8 11.4
Sylv 11.7 7.9 58.4 22.7 31.0 13.6 28.9 6.8 6.5
Walking 6.5 3.9 11.8 8.9 125.3 5.0 2.6 5.0 5.0
Average 29.5 27.3 53.5 26.2 66.9 11.2 23.6 15.4 5.5

Table 4: Success rates (%). The best two results are shown in italic and bold colors, respectively.

Sequence Struck [12] SCM [18] VTD [3] Frag [2] L1 [15] LSHT [4] LRT [19] TGPR [20] Ours
Coupon 100 100 39.4 40.9 39.4 100 100 39.4 100
Fish 100 86.6 39.7 47.3 20.2 100 100 100 100
Football 69.3 88.7 16.9 72.9 16.3 79.6 96.7 94.8 92.5
Football1 89.2 39.2 81.1 43.2 12.2 14.9 58.1 85.1 90.5
Man 99.3 98.5 22.4 21.0 98.5 100 99.3 26.1 100
Singer2 3.6 3.0 33.3 45.9 4.1 67.5 9.8 100 100
Sylv 80.3 86.6 48.4 50.3 55.5 83.3 48.1 94.3 100
Walking 54.9 79.1 16.3 50.2 41.5 54.6 97.3 55.1 77.7
Average 74.6 72.7 37.2 46.5 36.0 75.0 76.2 74.3 95.1
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Figure 2: Success plots in terms of overlap threshold.
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Table 5: Average overlap rates (%). The best two results are shown in italic and bold colors, respectively.

Sequence Struck [12] SCM [18] VTD [3] Frag [2] L1 [15] LSHT [4] LRT [19] TGPR [20] Ours
Coupon 70.2 82.3 36.2 37.1 35.2 89.2 80.7 32.8 84.1
Fish 84.3 74.0 47.3 48.9 28.6 78.1 76.5 82.4 83.7
Football 55.7 60.3 13.0 56.2 16.2 66.0 75.0 66.9 65.5
Football1 66.0 45.4 63.1 48.4 13.1 26.0 52.2 67.9 69.6
Man 81.9 71.9 28.8 17.5 65.3 77.8 74.1 29.4 82.9
Singer2 4.2 5.3 46.9 44.9 6.0 58.1 12.3 75.4 69.5
Sylv 66.0 67.8 37.4 46.4 46.4 65.8 43.4 72.5 71.0
Walking 55.9 63.4 39.2 53.4 32.8 55.0 71.6 55.1 58.9
Average 60.5 58.8 39.0 44.1 30.4 64.5 60.7 60.3 73.2

tracking algorithm can learn the appearance variations in the
dictionary learning processing. It can accurately track the
target throughout the video sequence. Struck, LSHT, LRT,
and TGPR also track the target until the end of the video
sequence.

In the 𝐹𝑜𝑜𝑡𝑏𝑎𝑙𝑙 sequence shown in Figure 3(c), a football
match is going on. The tracked target is a player, which is
similar to others in color and shape. The target undergoes
partial occlusion, background clutter, and in-plane and out-
of-plane rotations. Due to the influence of background
clutter, VTD and L1 lose the target. When some similar
objects appear surrounding the target, Struck, SCM, Frag,
and LSHT track the other similar distracters and lose the
target. Compared with these algorithms, LRT, TGPR, and the
proposed tracking algorithm can track the target successfully.

As shown in Figure 3(d), the tracked target is influenced
by out-of-plane and in-plane rotations. And there are some
other objects that are similar to the tracked target. Frag
loses the target when other distracters appear surrounding
the target, which is very similar to the tracked target. L1
and Frag achieve inaccurate tracking results when the target
rotates in-plane and out-of-plane. Struck, TGPR and the
proposed tracking algorithm can track the target throughout
the sequence. In the three algorithms, the proposed algorithm
achieves the most accurate tracking results in average center
location error, success, and overlap rates.

Figure 3(e) shows some tracking results in the 𝑀𝑎𝑛
sequence. The tracked target is a moving face in an indoor
room. Influenced by drastic illumination variations, VTD,
Frag, and TGPR lose the target after the 40th frame until
the end of the sequence. Struck, SCM, LSHT, LRT, and the
proposed tracking algorithm can successfully track the whole
sequence. The proposed tracking algorithm obtains the most
robust tracking result.

The 𝑆𝑖𝑛𝑔𝑒𝑟2 video sequence shown in Figure 3(f) is
captured on an indoor stage with drastic illumination vari-
ations. The target is also affected by nonrigid deformation,
background clutters, and in-plane and out-of-plane rotations.
Struck, SCM, L1, and LRT only track the target before the
first 47th frame due to the appearance variations. VTD
obtains inaccurate scale evaluation when the target under-
goes nonrigid deformation.The proposed tracking algorithm
can successfully track the target in the whole sequence. The
learnt dictionary covers the target variations, so the linear

combination of the atoms in the dictionary can represent
these variational appearance.

In the 𝑆𝑦𝑙V video sequence shown in Figure 3(g), the tar-
get is a moved toy, which undergoes illumination variations
and in-plane and out-of-plane rotations. L1 loses the target
due to the influence of illumination variations and rotation
from up to down. It locates the target again after the 495th
framewhen the tracked target rotates fromdown to up.When
the target is affected by illumination variation, LRT drift away
from the tracked target until the end of the video sequence.
Frag uses fixed target templates, so it cannot adapt to the
appearance variations. It achieves inaccurate tracking results.
Compared with these algorithms, the proposed tracking
algorithm obtains more tracking results. This is attributed to
the fact that the proposed target representation can learn the
appearance variations.

As shown in Figure 3(h), the tracked target is a walking
man in an outdoor scene. Due to the influence of partial
occlusion, nonrigid deformation, and scale variation, L1 loses
the target until the end of this sequence. VTD, TGPR, and
LSHT can not accurately evaluate the scale variation. SCM,
Struck, LRT, and the proposed tracking algorithm obtain
more accurate tracking results.

From the above analysis, we can see that the proposed
appearance model is effective and efficient. The proposed
tracking algorithm is robust to significant appearance vari-
ations, e.g., drastic illumination variations, partial occlusion,
and out-of-plane rotation.

4. Conclusion

We have presented an effective tracking algorithm based
on learnt discrimination dictionary. Different from exist
tracking algorithms, a target candidate is represented with a
linear combination of dictionary atoms. The dictionaries are
leant and updated in the tracking processing, which can learn
the target appearance variation and exploit the discriminative
information in the learning samples. The learning samples
are collected from previous tracking results. The proposed
tracking algorithm is robust to drastic illumination varia-
tions, nonrigid deformation, and rotation. Conducted exper-
iments on some challenging video sequences demonstrate
the robustness in comparison with state-of-the-art tracking
algorithms.
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Lane detection is a challenging problem. It has attracted the attention of the computer vision community for several decades.
Essentially, lane detection is a multifeature detection problem that has become a real challenge for computer vision and machine
learning techniques. Although many machine learning methods are used for lane detection, they are mainly used for classification
rather than feature design. But modern machine learning methods can be used to identify the features that are rich in recognition
and have achieved success in feature detection tests. However, these methods have not been fully implemented in the efficiency
and accuracy of lane detection. In this paper, we propose a new method to solve it. We introduce a new method of preprocessing
and ROI selection. The main goal is to use the HSV colour transformation to extract the white features and add preliminary edge
feature detection in the preprocessing stage and then select ROI on the basis of the proposed preprocessing.This new preprocessing
method is used to detect the lane. By using the standard KITTI road database to evaluate the proposed method, the results obtained
are superior to the existing preprocessing and ROI selection techniques.

1. Introduction

With the rapid development of society, automobiles have
become one of the transportation tools for people to travel.
In the narrow road, there are more and more vehicles of
all kinds [1]. As more and more vehicles are driving on the
road, the number of victims of car accidents is increasing
every year [2]. How to drive safely under the condition
of numerous vehicles and narrow roads has become the
focus of attention. Advanced driver assistance systems which
include lane departure warning (LDW) [3], Lane Keeping
Assist, and Adaptive Cruise Control (ACC) [4] can help
people analyse the current driving environment and provide
appropriate feedback for safe driving or alert the driver
in dangerous circumstances. This kind of auxiliary driving
system is expected to become more and more perfect [5].
However, the bottleneck of the development of this system
is that the road traffic environment is difficult to predict [6].
After investigation, in the complex traffic environment where
vehicles are numerous and speed is too fast, the probability of
accidents ismuch greater than usual. In such a complex traffic
situation, road colour extraction and texture detection as well

as road boundary and lane marking are the main perceptual
clues of human driving [7].

Lane detection is a hot topic in the field of machine
learning and computer vision and has been applied in
intelligent vehicle systems [8]. The lane detection system
comes from lane markers in a complex environment and is
used to estimate the vehicle’s position and trajectory relative
to the lane reliably [9]. At the same time, lane detection plays
an important role in the lane departure warning system. The
lane detection task is mainly divided into two steps: edge
detection and line detection.

Qing et al. [10] proposed the extended edge linking
algorithm with directional edge gap closing. The new edge
could be obtained with the proposed method. Mu and
Ma proposed Sobel edge operator which can be applied
to adaptive area of interest (ROI) [11]. However, there are
still some false edges after edge detection. These errors will
affect the subsequent lane detection. Wang et al. proposed a
Canny edge detection algorithm for feature extraction [12].
The algorithm provides an accurate fit to lane lines and
could be adaptive to complicated road environment. In 2014,
Srivastava et al. proposed that the improvements to theCanny
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Figure 1: Block diagram of proposed methods.

edge detection can effectively deal with various noises in the
road environment [13]. Sobel and Canny edge operator are
the most commonly used and effective methods for edge
detection.

Line detection is as important as edge detection in lane
detection. With regard to line detection, we usually have two
methods which include feather-based method and model-
based methods. Niu et al. used a modified Hough transform
to extract segments of the lane profile and used DBSCAN
(density based spatial application noise clustering) clustering
algorithm for clustering [14]. In 2016, Mammeri et al. used
progressive probabilistic Hough transform combined with
maximum stable extreme area (MSER) technology to identify
and detect lane lines and utilized Kalman filter to achieve
continuous tracking [15]. However, the algorithm does not
work well at night.

In this paper, we propose a lane detection method that is
suitable for all kinds of complex traffic situations, especially as
driving speed in roads is too fast. First, we preprocessed each
frame image and then selected the area of interest (ROI) of
the processed images. Finally, we only needed edge detection
vehicle and line detection for the ROI area. In this study, we
introduced a new preprocessing method and ROI selection
method. First, in the preprocessing stage, we converted the
RGB colour model to the HSV colour space model and
extracted white features on the HSV model. At the same
time, the preliminary edge feature detection is added in the
preprocessing stage, and then the part below the image is
selected as theROI area based on the proposed preprocessing.
Compared with the existing methods, the existing prepro-
cessing methods only perform operations such as graying,
blurring, X-gradient, Y-gradient, global gradient, thresh, and
morphological closure. And the ways to select the ROI area
are also very different. Some of them are based on the edge
feature of the lane to select the ROI area, and some are based

on the colour feature of the lane to select the ROI area.
These existing methods do not provide accurate and fast lane
information, which increases the difficulty of lane detection.
In this paper, experiments show that the proposed method
is significantly better than the existing preprocessing method
and ROI selection method in lane detection.

2. Overview of the Proposed System

This paper presents an advanced lane detection technology to
improve the efficiency and accuracy of real-time lane detec-
tion [16]. The lane detection module is usually divided into
two steps: (1) image preprocessing and (2) the establishment
and matching of line lane detection model.

Figure 1 shows the overall diagram of our proposed
system where lane detection blocks are the main contribu-
tions of this paper. The first step is to read the frames in
the video stream. The second step is to enter the image
preprocessing module. What is different from others is that
in the preprocessing stage we not only process the image
itself but also do colour feature extraction and edge feature
extraction [17]. In order to reduce the influence of noise
in the process of motion and tracking, after extracting the
colour features of the image, we need to use Gaussian
filter to smooth the image. Then, the image is obtained
by binary threshold processing and morphological closure.
These are the preprocessing methods mentioned in this
paper.

Next, we select the adaptive area of interest (ROI) in the
preprocessed image. The last step is lane detection. Firstly,
Canny operator is used to detect the edge of lane line; then
Hough transform is used to detect line lane. Finally, we use
Extended Kalman Filter (EKF) to detect and track lane line
in real time.
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3. Proposed Methods

In this paper, based on the previous preprocessing, we firstly
extract the colour features based on the white colour and then
extract the edge features based on the straight lane. Because
the high-speed section is the traffic accident-prone section,
the high-speed road section mostly is the straight line lane
[18].Therefore, in order to obtain a very high recognition rate,
we successively carry on colour detection and edge detection
to the lane. This paper combines colour features extraction
and edge features extraction, and the experiment proves that
the recognition rate and accuracy of lane detection are greatly
improved.

Our main contribution in this paper is to do a lot of
work in the preprocessing stage. We proposed to perform
colour transform of HSV in the preprocessing stage, then
extract white, and then perform conventional preprocessing
operations in sequence. Moreover, we selected an improved
method proposed in the area of interest (ROI). In this paper,
based on the proposed preprocessing method (after HSV
colour transform, white feature extraction, and basic prepro-
cessing), one-half part of the processed image is selected as
the area of interest (ROI). In addition, we performed twice
edge detection. The first is in the preprocessing stage, and the
second is in the lane detection stage after the ROI is selected.
The purpose of performing twice edge detection is to enhance
the lane recognition rate.

In this paper,Hough transform is used for the straight line
detection. Figure 2 shows the basic principles of the Hough
transform. In Figure 2(a), each point on the straight line
crossing the point (𝑥𝑎, 𝑦𝑎) and the point (𝑥𝑏, 𝑦𝑏) corresponds
to a straight line V = −𝑥𝑎𝑢+ 𝑦𝑎 and a straight line V = −𝑥𝑏𝑢 +
𝑦𝑏 on the parameter space map in Figure 2(a) after Hough
transformation; two lines intersect at the point (𝑢0, V0), where

𝑢0 and V0 are the parameters of the line determined by
the point (𝑥𝑎, 𝑦𝑎) and point (𝑥𝑏, 𝑦𝑏) in Figure 2(a) [19]. On
the contrary, the straight line V = −𝑥𝑎𝑢 + 𝑦𝑎 and the
straight line V = −𝑥𝑏𝑢 + 𝑦𝑏 where the parameter space in
Figure 2(b) intersects at the same point and the collinear
points in Figure 2(a) are correspondence [20]. According to
this characteristic, given some specific points in Figure 2(a),
the line equations connecting these points in Figure 2(b) can
be calculated by Hough transform.

The Hough transform is implemented in polar form as
[21]

𝜌 = 𝑥 cos (𝜃) + 𝑦 sin (𝜃) , (1)

where (𝑥, 𝑦) are coordinates of nonzero pixels in binary
image.

𝜌 is the distance between the x-axis and fitted line.
𝜃 is the angle between x-axis and normal line. The
value range of 𝜃 is ±90∘.

As shown in Figure 3, the Hough transform transforms
the points of the image in Figure 3(a) into the polar coor-
dinate parameter space of Figure 3(b). We can see that the
collinear point (𝑥𝑎, 𝑦𝑎) and point (𝑥𝑏, 𝑦𝑏) in Figure 3(a)
intersect at the same point (𝜌0, 𝜃0) in Figure 3(b). Here, 𝜌 and
𝜃 are the polar parameters of the desired straight line [21].

Different from Figure 2(b), when Figure 3(b) is expressed
in polar coordinates, the collinear point (𝑥𝑎, 𝑦𝑎) and point
(𝜌0, 𝜃0)mapped to the parameter space in the original image
intersect at the point (𝜌0, 𝜃0) [21].

The Kalman filtering algorithm is used to track lane
lines in real time. In this paper, we use Extended Kalman
Filter (EKF) to track the lane in real time [22]. After the
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Input frame

Edge detection 
using Canny

Consistent 
dimensions?

Addition and 
subtraction of 
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Tracking using 
EKF

Input  and 

N

Y

Figure 4: EKF Algorithm.

Table 1: Extended Kalman Filter algorithm module.

Initialization:
𝑥0 = 𝐸[𝑥0]

𝑃0 = 𝐸[(𝑥0 − 𝑥0)(𝑥0 − 𝑥0)
𝑇]

Prediction:
(I) State Prediction: 𝑥𝑘|𝑘−1 = 𝑓(𝑥𝑘−1)

(II) State Prediction Error Covariance Matrix: 𝑃𝑘|𝑘−1 = 𝐹𝑘−1𝑃𝑘−1𝐹
𝑇

𝑘−1
+ 𝑄𝑘−1

Where, 𝐹𝑘−1 =
𝜕𝑓 (𝑥𝑘−1)

𝜕𝑥

𝑥=𝑥𝑘−1

Error Correction:
(I) Kalman Gain: 𝐺𝑥 = 𝑃𝑘|𝑘−1𝐻

𝑇
𝑘 (𝐻𝑘𝑃𝑘|𝑘−1𝐻

𝑇
𝑘 + 𝑅𝑘)

−1

Where, 𝐻𝑘 =
𝜕ℎ (𝑥𝑘)

𝜕𝑥

𝑥=𝑥𝑘|𝑘−1
(II) State Estimation: 𝑥𝑘 = 𝑥𝑘|𝑘−1 + 𝐺𝑘(𝑧𝑘 − ℎ(𝑥𝑘|𝑘−1))

(III) State Estimation Error Covariance Matrix: 𝑃𝑘 = (𝐼 − 𝐺𝐾𝐻𝑘)𝑃𝑘|𝑘−1

parameters 𝜌 and 𝜃 of the lane based on the straight line
model are obtained from the Hough transforms of Figures 2
and 3, the lane line can be tracked using the EKF. The EKF
tracking algorithm is described in Table 1, the initial value
of the parameter 𝑥0 and the initial value of the covariance
𝑃0 are set as the unit matrix, and the predicted value of the
current state is the tracking result of the previous state [21].
The real value of the current state is the sequence frame of
the current reading; thus the tracking value of the current
state (the optimal estimation result) can be obtained. This
value is also used as the prediction value of the next state
to realize the cyclic estimation of the lane parameters, that
is, the tracking [23]. Table 1 shows Extended Kalman Filter
algorithm module.

As shown in Figure 4, before inputting the image frame,
we made preparations such as calculating the average value
of vehicle parameter dimensions and setting EKF parameters.
The input image frame is detected by theCanny edge operator
and the resulting edge image is obtained. Then, we add the
parameters 𝜌 and 𝜃 of the lane line based on the straight
line model that have been obtained by the Hough transform
and determine whether the lane parameters and dimensions

detected by the Hough transform are the same for all input
frame images. If they are equal, use EKF for lane tracking,
or enter the dimension addition and subtraction module to
adjust the parameter dimension.

4. Experiments

4.1. Preprocessing. Preprocessing is an important part of
image processing and an important part of lane detec-
tion. Preprocessing can help reduce the complexity of the
algorithm, thereby reducing subsequent program processing
time. The video input is a RGB-based colour image sequence
obtained from the camera. In order to improve the accuracy
of lane detection, many researchers employ different image
preprocessing techniques.

Smoothing and filtering graphics is a common image
preprocessing technique. The main purpose of filtering is to
eliminate image noise and enhance the effect of the image.
Low-pass or high-pass filtering operation can be performed
for 2D images, low-pass filtering (LPF) is advantageous for
denoising, and image blurring and high-pass filtering (HPF)
are used to find image boundaries [24–26]. In order to
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(a) RGB (b) HSV

Figure 5: Two images of different colour spaces. (a) RGB and (b) HSV colour transform.
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Figure 6: V-component values of representative colours under
various illumination.

perform the smoothing operation, an average, median [8],
or Gaussian [23] filter could be used. In [24], in order to
preserve detail and remove unwanted noise, Xu and Li firstly
use a median filter to filter the image and then use an image
histogram in order to enhance the grayscale image [23].

4.2. Colour Transform. Colour model transform is an impor-
tant part of machine vision, and it is also an indispensable
part of lane detection in this paper. The actual road traf-
fic environment and light intensity all produce noise that
interferes with the identification of colour. We cannot detect
the separation of white lines, yellow lines, and vehicles from
the background. The RGB colour space used in the video
stream is extremely sensitive to light intensity, and the effect
of processing light at different times is not ideal. In this paper,
the RGB sequence frames in the video stream are colour-
converted into HSV colour space images. Figures 5(a) and
5(b) are images of RGB colour space and HSV colour space,
respectively. HSV represents hue, saturation, and value [6].
As can be seen in Figure 6, the values of white and yellow
colours are very bright in the V-component compared to
other colours and are easily extracted, providing a good basis
for the next colour extraction. Experiments show that the
colour processing performed in theHSV space ismore robust
to detecting specific targets.

4.3. Basic Preprocessing. As shown in Figure 7, a large number
of frames in the video will be preprocessed. The images
are individually gray scaled, blurred, X-gradient calculated,
Y-gradient calculated, global gradient calculated, thresh of
frame, and morphological closure [25]. In order to cater for
different lighting conditions, an adaptive threshold is imple-
mented during the preprocessing phase. Then, we remove

the spots in the image obtained from the binary conversion
and perform the morphological closing operation. As can be
seen from Figure 7, the basic preprocessed frames cannot be
very good at removing noise. It can be seen from the results
after the morphological closure that although preliminary
lane information can be obtained, there is still a large amount
of noise.

4.4. Adding Colour Extraction in Preprocessing. In order to
improve the accuracy of lane detection, we add a feature
extraction module in the preprocessing stage. The purpose
of feature extraction is to keep any features that may be lane
and remove features that may be nonlane. This paper mainly
carries on the feature extraction to the colour. After the
graying of the image and colourmodel conversion, we add the
white feature extraction and then carry out the conventional
preprocessing operation in turn. The process of the colour
extraction proposed in this paper is shown in Figure 8.

4.5. Adding Edge Detection in Preprocessing. This paper
has carried out edge detection two times successively; the
first time is to perform a wide range of edge detection
extraction in the entire frame image. In the second, the
edge detection is performed again after the lane detection
after ROI selection. This detection further improves the
accuracy of lane detection [22].This section mainly performs
the overall edge detection on the frame image, using the
improved Canny edge detection algorithm. The concrete
steps of Canny operator edge detection are as follows: First,
we use a Gaussian filter to smooth the image (preprocessed
image), and then we use the Sobel operator to calculate the
gradientmagnitude and direction.Next step is to suppress the
nonmaximal value of the gradient amplitude. Finally, we need
to use a double-threshold algorithm to detect and connect
edges. Figure 9 shows the image after extraction with Canny
edge detection.

4.6. ROI Selection. After edge detection byCanny edge detec-
tion, we can see that the obtained edge not only includes the
required lane line edges, but also includes other unnecessary
lanes and the edges of the surrounding fences. The way to
remove these extra edges is to determine the visual area of
a polygon and only leave the edge information of the visible
area. The basis is that the camera is fixed relative to the car,
and the relative position of the car with respect to the lane is
also fixed, so that the lane is basically kept in a fixed area in
the camera.

In order to lower image redundancy and reduce algo-
rithm complexity, we can set an adaptive area of interest
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(a) origin (d) origin(c) origin(b) origin

(a) gray (d) gray(c) gray(b) gray

(a) blurry (b) blurry (c) blurry

(a) X gradient (b) X gradient (c) X gradient (d) X gradient 

(a) Y gradient (b) Y gradient (c) Y gradient (d) Y gradient 

(a) gradient (b) gradient (c) gradient (d) gradient 

(a) thresh (c) thresh (d) thresh
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(b) thresh

(d) blurry

Figure 7: Basic preprocessing of sample frames (a), (b), (c), and (d).

(ROI) on the image [19]. We only set the input image on
the ROI area and this method can increase the speed and
accuracy of the system. In this paper, we use the standard
KITTI road database [26]. We divide the image of each frame
in the running video of the vehicle into two parts, and one-
half of the lower part of the image frame serves as the ROI
area. Figure 10 shows the ROI selection of sample frames
(a), (b), (c), and (d) which are processed by the proposed
preprocessing.The images of the four different sample frames
have been able to substantially display the lane information
after being processed by the proposed preprocessing method,
but not only the lane information but also a lot of nonlane
noise is present in the upper half of the image. So we cut out
the lower half of the image (one-half) as the ROI area.

4.7. Lane Detection. The lane detection module is mainly
divided into lane edge detection and linear lane detection.
This section implements the basic functions of lane detection

and performs lane detection based on improved preprocess-
ing and the proposed ROI selection.

4.8. Edge Detection. Feature extraction is very important
for lane detection. There are many common methods used
for edge detection, such as Canny transform, Sobel trans-
form, and Laplacian transform [18, 24]. We have selected
Canny transform which is better. As shown in Figure 11,
we performed Canny edge detection after the proposed ROI
selection.

4.9. Lane Detection. The methods of lane detection include
feature based methods and model-based methods. The
method based feature is used in this paper to detect the colour
and edge features of lanes in order to improve the accuracy
and efficiency of lane detection.

There are two methods to achieve straight lane detection.
One is to use the Hough line detected function encapsulated
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(a) blurry (b) blurry (c) blurry (d) blurry

(a) binary (b) binary (c) binary (d) binary

(a) closed (b) closed (c) closed (d) closed

Figure 8: Adding white extraction in preprocessing of sample frames (a), (b), (c), and (d).

(a) origin (b) origin (d) origin

(a) Canny (b) Canny (c) Canny (d) Canny

(c) origin

Figure 9: Canny edge detection of sample frames (a), (b), (c), and (d).

(a) origin (b) origin (c) origin (d) origin

(a) pre-processed (b) pre-processed (c) pre-processed (d) pre-processed

(a) ROI selection (b) ROI selection (c) ROI selection (d) ROI selection

(a) ROI cut (b) ROI cut (c) ROI cut (d) ROI cut

Figure 10: ROI selection of sample frames (a), (b), (c), and (d) based on the proposed preprocessing.
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(a) Canny (b) Canny (d) Canny

(a) origin (b) origin (c) origin (d) origin

(a) ROI cut (b) ROI cut (c) ROI cut (d) ROI cut

(c) Canny

Figure 11: Canny edge detection of sample frames (a), (b), (c), and (d) after the proposed preprocessing.

(a) lane detection (c) lane detection (d) lane detection

(a) result (d) result(c) result(b) result

(a) Canny (b) Canny (d) Canny

(a) origin (b) origin (c) origin (d) origin

(a) ROI cut (b) ROI cut (c) ROI cut (d) ROI cut

(c) Canny

(b) lane detection

Figure 12: Lane detection using Hough of sample frames (a), (b), (c), and (d).

by theOpenCV library commonly used for image processing,
and draw lane lines in the corresponding area of the original
image. The other is self-programming. In the header file, the
ROI area is traversed to perform line detection for a specific
range of angles [27].

Both methods can be reflected in the video, and the
first method runs faster. Since this article focuses on the
accuracy and efficiency of lane detection, we chose the first
method (Hough line function in the OpenCV library) to
run faster for linear detection. Moreover, because the Hough
transform is insensitive to noise and can process straight
lines well, Hough transform is used to extract lane line
parameters in each frame of the image sequence for lane
detection.

In image processing, the Hough transform is used to
detect any shape that can be expressed in a mathematical
formula, even if the shape is broken or somewhat dis-
torted. Compared with other methods, the Hough trans-
form can find noise reduction better than other meth-
ods. The classic Hough transform is often used to detect
lines, circles, ellipses, etc. As shown in Figure 12, lane
detection uses Hough of sample frames (a), (b), (c), and
(d).

4.10. Lane Tracking Using Extended Kalman Filter. After
completing the lane detection, the next step is to track the
lane, which is also a key technology for smart and automated
vehicle (SAV) [24].

Image edge detection technology and linear lane detec-
tion are technologies used to detect lane; then EKF is used
to track these parameters one by one [22]. In this way, the
tracking of lane lines is converted into the tracking of lane line
parameters, which not only improves the tracking speed, but
also introduces the method of Kalman tracking to improve
the tracking accuracy.

The experimental results are shown in Figures 13 and
14. The real-time tracking lane line is detected in the video
stream. Figure 13 shows different results of lane detection at
different times (i), (ii), (iii), and (iv) in one video. Figure 14
shows different results of lane detection at different times (i),
(ii), (iii), and (iv) in another video.

5. Results and Discussion

Figure 15 shows the preprocessing of four frames of images.
Frame (a.i) and frame (b.i) are processed by basic prepro-
cessing (without white feature extraction), and frame (a.ii)
and frame (b.ii) are processed by the proposed preprocessing
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(i) (ii)

(iii) (iv)

Figure 13: Different moments (i), (ii), (iii), and (iv) in one video.

(with the white feature extraction). From the Figure 15 we
can see that frame (a.ii) and frame (b.ii) which are processed
by the proposed preprocessing can display the lane line. But
there is a large amount of white residue in frame (a.i) and
frame (b.i), and it is difficult to detect lane lines.Therefore, the
basic preprocessing of the frame does not work well for lane
detection. In view of these, we propose to add HSV colour
conversion in the preprocessing stage and then extract the
white features of the frame before the blurry ones, so as to
achieve a better detection effect and improve the detection
accuracy.

As shown in Figure 16, frame (a) and frame (b) are
extracted white features, respectively.

Most research scholars directly perform ROI selection
on the original image. In this paper, a new ROI selection
method is proposed. Experiments show that the proposed
ROI selection can improve the accuracy and efficiency of lane
detection.

Figures 17 and 18 show the ROI selection of white feature.
It can be seen from the figures that ROI selection of white
feature cannot accurately detect the area of lane line, which
will eventually produce a great error.

Half of the input frames are proposed as ROI selection.
As shown in Figure 19, the ROI selection implemented on
the original image is followed by edge detection and lane
detection on the selected ROI area. Compared with Figure 12,
the result of the final lane detection contains many nonlane

areas, and the effect of the lane detection is poor.Themore the
lane parameters are marked, the less efficient the calculation
is.Therefore, the proposedmethod in this paper can lower the
number of lane parameters, thereby reducing the calculation
time and improving the detection efficiency.

To quantify the accuracy of lane detection, we used the
correct detection rate to evaluate the performance of our
proposed method for lane detection under the data set used.
For better results of the proposed method, we first set the size
of the image in the data set to the same size and randomly take
300, 500, 800, 1000, and 1500 images as a test set in training
sets. In order to verify the excellence of our proposedmethod,
as shown in Figure 20, we compared the detection efficiency
of the basic preprocessing method for lane detection with the
detection efficiency of the proposed preprocessing method.
Moreover, as shown in Figure 21, we also compare the lane
detection efficiency of the lane detection method that selects
the ROI area only based on the lane colour with the lane
detection efficiency of the proposed ROI selection method.
From Figures 20 and 21, we can see that the results of the
proposed method achieve the highest correct detection rate
to prove the effectiveness of our proposed method.

6. Conclusions

In this paper, we proposed a new lane detection preprocess-
ing and ROI selection methods to design a lane detection
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(i) (ii)

(iii) (iv)

Figure 14: Different moments (i), (ii), (iii), and (iv) in another video.

(a.i) origin (a.ii) origin (b.i) origin (b.ii) origin

(a.i) gray (a.ii) gray (b.i) gray (b.ii) gray

(a.i) blurry (a.ii) blurry (b.i) blurry (b.ii) blurry

(a.i) binary (a.ii) binary (b.i) binary (b.ii) binary

(a.i) closed (a.ii) closed (b.i) closed (b.ii) closed

Figure 15: Comparison between the basic preprocessingmethod and the proposed preprocessingmethod. ((a.i) and (b.i))Without extracting
white before blurry one (the basic preprocessing method) and (a.ii) and (b.ii) with extracting white before blurry one (the proposed
preprocessing method).
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(a.i) extract white (a.ii) extract white (b.i) extract white (b.ii) extract white

Figure 16: White extraction of frames (a) and (b).

(a) origin (b) origin

(a) draw ROI

(a) ROI

(b) draw ROI

(b) ROI

Figure 17: ROI selection of white of the sample frames (a) and (b).

(c) origin (d) origin

(c) result (d) result

Figure 18: ROI selection of white of the sample frames (c) and (d).

system. The main idea is to add white extraction before the
conventional basic preprocessing. Edge extraction has also
been added during the preprocessing stage to improve lane
detection accuracy.We also placed the ROI selection after the
proposed preprocessing. Compared with selecting the ROI
in the original image, it reduced the nonlane parameters and
improved the accuracy of lane detection. Currently, we only
use the Hough transform to detect straight lane and EKF
to track lane and do not develop advanced lane detection
methods. In the future, we will exploit a more advanced lane
detection approach to improve the performance.
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Figure 19: ROI selection and lane detection of sample frames (a), (b), (c), and (d).
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Scene understanding is to predict a class label at each pixel of an image. In this study, we propose a semantic segmentation
framework based on classic generative adversarial nets (GAN) to train a fully convolutional semantic segmentation model along
with an adversarial network. To improve the consistency of the segmented image, the high-order potentials, instead of unary or
pairwise potentials, are adopted. We realize the high-order potentials by substituting adversarial network for CRF model, which
can continuously improve the consistency and details of the segmented semantic image until it cannot discriminate the segmented
result from the ground truth. A number of experiments are conducted on PASCAL VOC 2012 and Cityscapes datasets, and the
quantitative and qualitative assessments have shown the effectiveness of our proposed approach.

1. Introduction

Scene understanding, based on semantic segmentation, is
a core problem in the field of computer vision, which has
been applied to 2D image, video, and even volumetric data.
Its goal is to assign each pixel a label and then provide
complete understanding of a scene. Two examples of scene
understanding are shown in Figure 1. The importance of
scene understanding is highlighted by the fact that there
are increasing applications, such as autonomous driving
[1], human-computer interaction [2], robot technology, and
augmented reality, to name a few.

The earliest scene parsing [3] is to classify 33 scenes for
2688 images on LMO dataset, which adopts label transfer
technology to establish dense correspondences between the
input image and each of the nearest neighbors using SIFT
flow algorithm. State-of-the-art scene parsing frameworks
are mostly based on fully convolutional network (FCN)
[4]. FCN transforms the well-known networks-AlexNet,
VGG, GooLeNet, and ResNet into fully convolutional ones
by replacing the fully connected layers with convolutional
ones. The key insight of FCN is to build the “fully con-
volutional” networks that take input of arbitrary size and
produce corresponding-sized output with efficient inference
and learning and realize end-to-end and image-to-image

system of deep learning. For all these reasons and other
contributions, FCN is considered as the milestone of deep
learning. Although amounts of pooling operations enlarge
the receptive fields of the convolution kernel of FCN, they
lose the detailed location information, resulting in coarse
segmentation result, which hinders its further application.

In order to refine the segmentation result, a postprocess-
ing stage using conditional random field (CRF) is adopted
after the output of system [5], which makes use of the fully
connected pairwise CRF to capture the dependencies of
pixels and achieve fine local details. Dilated convolution is a
generalization of Kronecker-factored convolutional filters [6]
which expand exponentially receptive fields without losing
resolution by disposing of some pooling layers. The works
[7] that make use of this technique allow dense feature
extraction on any arbitrary resolution and then combine
dilated convolutions of different scales to havewider receptive
fields with no additional cost. Combined CRF with dilated
convolution, Chen et al. [8] propose the “deeplab” system,
which enlarges the receptive fields of filters at multiple scales
and overcomes the disadvantage of location accuracy by
using a fully connected CRF to response the final layer
of network. In order to take the dense CRF with pairwise
potentials as an integral part of the network, Zheng et
al. [9] propose a model called CRFasRNN to refine the
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(a) (b)

Figure 1: Examples of scene parsing: (a) image; (b) ground truth.

segmentation of FCN; they make it possible to fully integrate
the CRF with a FCN and train the whole network end to end.
Although CRF taking into account the correlation of pixels
has improved the segmentation accuracy, it has also increased
the computational complexity. To incorporate suitable global
features, Zhao et al. [10] propose a pyramid scene parsing
network (PSPNet), which extends the pixel-level feature
to special designed pyramid pooling one in addition to
traditional dilated convolution. This algorithm achieves the
champion of ImageNet scene parsing challenge 2016.

In the above-mentioned algorithms, a common property
is that all label variables are predicted either using unary
potentials such as FCN or using pairwise potentials such
as methods based on CRF. Despite the fact that pairwise
potentials refine the accuracy of semantic segmentation, they
only consider the correlation of two pixels. In an image,many
pixels have the consistency across superpixels; high-order
potentials should be effective in refining the segmentation
accuracy. Arnab et al. [11] have integrated specific classes of
high-order potentials in CNN-based segmentation models.
This specific class may be object or superpixel and so on, for
whichweneed to design different energy function to calculate
high-order potentials, whose computation is complicated.

The generative adversarial nets (GAN) proposed by
Goodfellow et al. [12] in 2014 can be characterized by
training a pair of networks in competition with each other,
in which an adversarial network can estimate the generative
model without approximating many intractable probability
computation. Because there is no need for any Markov
chains or unrolled approximate inference network, GAN
has drawn many researchers’ attention in the domains of
superresolution [13], image-to-image translation [14, 15], and
image synthesis [16, 17], etc.We are interested in higher-order
consistency without confining to a certain class. We also do
not want to have complex probability or inference computa-
tion. Motivated by all kinds of GAN, we proposed a semantic
segmentation framework based on GAN, which consists of

two components: generative network and adversarial net-
work. The former one generates the segmented image, and
the latter one encourages the segmentation model to improve
continuously the semantic segmentation result until it cannot
be distinguished from the ground truth according to the value
of loss function. Different from the classic GAN, we take the
original image as the input of the generative network and and
the output of generative network or corresponding ground
truth as the input of the adversarial network; then adversarial
network discriminates the similarity of two inputs. If the
value of loss function of the framework is large, backprop-
agation is performed to adjust the parameters of the network;
if the value of loss function satisfies the termination criterion,
the output of the generative network is the final semantic
segmentation result. The semantic segmentation framework
based on GAN is shown in Figure 2. This approach takes
into account the high-order potentials of an image because
it differentiates the similarity between the segmented image
and the corresponding ground truth in the whole image.

2. The Proposed Semantic
Segmentation Approach

The aim of the proposed framework is to generate the
semantic image 𝐺(𝑥𝑛) from an original image 𝑥𝑛. To achieve
this goal, we design a generator network G and an adversarial
network D. The generator is trained as a network parame-
terized by 𝜃𝐺. These parameters denote the weights and are
obtained by minimizing the loss function; then the output
𝐺(𝑥𝑛) of generator and the ground truth 𝑦𝑛 are fed into
the adversarial network parameterized by 𝜃𝐷, in which the
discriminator is trained to distinguish real or fake value. In
order to achieve the desired result, it is important to design
the architecture network and loss function.

2.1. The Architecture of Networks. Some works have shown
that deeper network model can improve the performance of
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the segmentation and meanwhile make the architecture of
the network complex, resulting in difficult training [18]. We
make a compromise between the depth of the network and
the performance of the algorithm.

In the generative network, which is shown in the first row
of Figure 3, there are two modules of convolution and decon-
volution. The role of convolution module is to extract the
feature maps of an image, which consists of 10 layers. Each
layer is composed of convolution, activation function, and
batch normalization. The convolution is performed with 3 ×
3 kernels and 64 feature maps followed by ReLU layer as
the activation function, whose role is to conduct the non-
linear operation. Batch normalization is performed to avoid
the network overfitting in each layer. Although pooling
operations enlarge the receptive field of the network, they
also reduce the accuracy of the segmentation. To improve the

fine details of feature maps, the last three pooling outputs are
integrated into one, on which deconvolution is performed to
achieve the same size output with the original image.

To discriminate the ground truth from the segmented
image, we train a discriminator network, which is illustrated
in the second row of Figure 3.This architecture follows litera-
ture [13] to solve (4) in an alternating manner along with
the generator. It contains eight convolution layers and uses
LeakyReLU as the activation function. The convolution is
conducted by 3 × 3 kernels, resulting in final feature maps
of size 512, which are followed by two dense layers and a final
sigmoid activation function to achieve a probability for class-
ification.

2.2. Loss Function. In terms of information theory, cross
entropy denotes the similarity of two variables; the more
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similar the distribution of two variables, the smaller the cross
entropy, so we adopt the cross entropy as the loss function.
The definition of cross entropy is shown in the following:

𝐶𝐸 (𝑝, 𝑝) = −∑
𝑖

𝑝𝑖 log𝑝𝑖. (1)

where p and𝑝 are the real value and predicted value. Equation
(1) is Shannon entropywhenp and𝑝 are equal. In themultiple
classification task, we use one-hot encoding cross entropy.
Equation (1) can be rewritten as follows:

𝐶𝐸 (𝑦, 𝑝) = −∑
𝑖

𝑦𝑖 log𝑝𝑖 = − log𝑝𝑖. (2)

where y specifies one pixel of ground truth and 𝑦𝑖 represents
0 or 1.

The loss function of the proposed networks is a weighted
sum of two terms. The first is a multiclass cross entropy term
of a generator that encourages the segmented output similar
to the input. We use 𝐺(𝑥) to denote the class probability map
over C classes of size𝐻×𝑊×𝐶 that the segmentation model
generates given an input image x of size 𝐻 × 𝑊 × 𝐶. This
segmentation model predicts the right class label at each pixel
independently, which is described in the following:

𝐺𝐿 (𝜃𝐺) = 𝑙𝑚𝑐𝑒 (𝑦, 𝐺 (𝑥)) = −
𝐻×𝑊

∑
𝑖=1

log𝑝𝑖. (3)

where 𝑙𝑚𝑐𝑒(𝐺(𝑥), 𝑦) represents the cross entropy loss function
of multiple classification on an image of size𝐻×𝑊, in which
the class probability of per-pixel is predicted as 𝑝𝑖.

The second loss term represents the loss of the adversarial
network. If the adversarial network candistinguish the output
of generator from the ground truth, the loss value is large;
otherwise, the loss is small. Because the loss is calculated
based on the whole image or a large portion of it, this high-
order statistics dissimilarity can be penalized by the adversar-
ial loss term.We take the output of the adversarial network as
𝐷(⋅) ∈ [0, 1]. Training the adversarial model is equivalent to
minimizing the following binary classification loss:

𝐴𝐿 (𝜃𝐷) = 𝑙𝑏𝑐𝑒 (𝐷 (𝑦) , 1) + 𝑙𝑏𝑐𝑒 (𝐷 (𝐺 (𝑥)) , 0) . (4)

where 𝑙𝑏𝑐𝑒 denotes the binary cross entropy loss and 𝐷(𝑦)
and𝐷(𝐺(𝑥)) represent the label maps of adversarial network
when the network input is the ground truth 𝑦 or the output
of a generator 𝐺(𝑥).

Given a data set of 𝑁 original images 𝑥𝑛 and the corre-
sponding ground truth 𝑦𝑛, we define the total loss functions
of the proposed semantic segmentation networks based on
GAN as in the following:

𝑇𝐿 (𝜃𝐺, 𝜃𝐷) = 𝐺𝐿 (𝜃𝐺) + 𝛼 × 𝐴𝐿 (𝜃𝐷)

=
𝑁

∑
𝑛=1

(𝑙𝑚𝑐𝑒 (𝑦𝑛, 𝐺 (𝑥𝑛)) + 𝛼

× (𝑙𝑏𝑐𝑒 (𝐷 (𝑦𝑛) , 1) + 𝑙𝑏𝑐𝑒 (𝐷 (𝐺 (𝑥𝑛)) , 0))) .

(5)

where 𝛼 denotes weight factor. In this paper, we set it as 0.01.
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Figure 4: Divergence of different learning rate.

3. Experiments

To evaluate the proposed scene understanding algorithm
based on GAN, we conduct some experiments on two
widely used datasets, including PASCAL VOC 2012 [19] and
urban scene understanding dataset Cityscapes [1]. We train
networks on a NVIDIA Tesla K40 GPU and Intel Xeon E5
CPU using 2000 iterations and the batch size of size 16.

To quantitatively assess the accuracy of scene parsing,
four performance indices are adopted: pixel accuracy (PA),
mean pixel accuracy (MPA), mean intersection over union
(MeanIoU), and frequency weighted intersection over union
(FWIoU), whose formulations [20] are in (6)−(9).We assume
a total of 𝑘 + 1 classes, and 𝑝𝑖𝑗 is the amount of pixels of class
𝑖 inferred to belong to class 𝑗. 𝑝𝑖𝑖 denotes the number of true
positives, while 𝑝𝑖𝑗 and 𝑝𝑗𝑖 are usually represented as false
positives and false negatives, respectively:

𝑃𝐴 =
∑𝑘𝑖=0 𝑝𝑖𝑖

∑𝑘𝑖=0∑
𝑘
𝑗=0 𝑝𝑖𝑗

. (6)

𝑀𝑃𝐴 = 1
𝑘 + 1

𝑘

∑
𝑖=0

𝑝𝑖𝑖
∑𝑘𝑗=0 𝑝𝑖𝑗

. (7)

𝑀𝑒𝑎𝑛𝐼𝑜𝑈 = 1
𝑘 + 1

𝑘

∑
𝑖=0

𝑝𝑖𝑖
∑𝑘𝑗=0 𝑝𝑖𝑗 + ∑𝑘𝑗=0 𝑝𝑗𝑖 − 𝑝𝑖𝑖

. (8)

𝐹𝑊𝐼𝑜𝑈 = 1
∑𝑘𝑖=0∑

𝑘
𝑗=0

𝑘

∑
𝑖=0

∑𝑘𝑗=0 𝑝𝑖𝑗𝑝𝑖𝑖
∑𝑘𝑗=0 𝑝𝑖𝑗 + ∑𝑘𝑗=0 𝑝𝑗𝑖 − 𝑝𝑖𝑖

. (9)

We use adaptive estimates of first-order moments
(ADAM) [21] to optimize the algorithm because it requires
little parameter-tuning, in which 𝛽1 and 𝛽2 are set to 0.9 and
0.999, respectively. We have also compared the divergence of
different learning rate on the algorithm to select the optimal
value, which is shown in Figure 4. According to this figure,
we select 10−3 as the rate learning in these experiments.

3.1. Experiment 1: PASCAL VOC 2012. We carry out exper-
iments on PASCAL VOC 2012 segmentation dataset, which
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Figure 5: Comparison of different semantic segmentation algorithms on PASCAL VOC 2012: (a) original image; (b) FCN-8S; (c) DeepLab;
(d) our method; (e) ground truth.

contains 20 object categories and 1 background class. Its
augmented dataset [22] includes 10582, 1449, and 1456 images
for training, validation, and testing. We have compared our
method with the classic FCN [4] and popular DeepLab [5]:
the accuracy of every class is shown inTable 1. Except for bicy-
cle class, our approach achieves the highest accuracy on other
20 classes. Table 2 illustrates the four performance indices
of different algorithms, PA, MPA, MeanIoU, and FWIoU. It
is obvious that, from the left to right column, the accuracy
of the algorithm gradually increases. The proposed approach
gets the highest accuracy on these four performance
indices.

To qualitatively validate the proposed method, several
examples are exhibited in Figure 5. For “cat” in row one, our
method gets the cat in accordance with the ground truth;
however, FCN andDeepLab segment other noise regions. For
“cow” and “child” in rows two and five, the details, such as leg,
can be segmented in our method, while leg cannot be found
in images using other twomethods. In the fourth image, little

cow and person are segmented in fine contour comparing
with other two methods. In a word, the subjective quality of
the segmented image using DeepLab is better than that using
FCN; the segmented result using our method outperforms
those using FCN and DeepLab.

3.2. Experiment 2: Cityscapes. Cityscapes [1] is a dataset for
semantic urban scene understanding which was released
in 2016. It contains 5000 high quality pixel-level finely
annotated images collected from 50 cities in different seasons.
The images, which consists of 2975, 500, and 1524 images
for training, validation, and testing, are divided into 19
categories. Because this dataset is recently released, previous
algorithms have not issued code for this dataset. We only do
subjective assessment for Cityscapes using our method and
FCN.

Several examples are shown in Figure 6. It is clear that our
proposed method outperforms FCN and can achieve more
details and distinguish road, building, cars, etc.
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(a) (b) (c) (d)

Figure 6: Comparison of different semantic segmentation algorithms on Cityscapes: (a) original image; (b) FCN-8S; (c) our method; (d)
ground truth.

4. Conclusion

In this paper, we propose a scene understanding framework
based on generative adversarial networks, which trains the
fully convolutional semantic segmentation network by adver-
sarial network, and adopt high-order potentials to achieve
the fine details and consistency of the segmented semantic
image. We perform a number of experiments on two famous
datasets, PASCAL VOC 2012 and Cityscapes. We analyze not
only each class accuracy but also four accuracy indices by

using different semantic segmentation algorithms. The quan-
titative and qualitative assessments have shown our proposed
method achieves the best accuracy among all algorithms. In
the future, wewill domore experiments onCityscapes dataset
and address the misclassification caused by class imbalance.

Data Availability

The data used to support the findings of this study are
included within the article.
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Table 1: Each class accuracy.

Class Label FCN-32s FCN-16s FCN-8s DeepLab Our Method
Background 92.8 92.8 91.2 92.6 93.8
aeroplane 75.4 76.2 76.8 83.5 86.1
bicycle 33.6 34.3 34.4 36.6 35.9
bird 67.7 68.2 68.9 82.5 87.7
boat 48.6 49.4 49.4 62.3 63.5
bottle 58.4 59.2 60.3 66.5 67.2
bus 73.4 74.6 75.3 85.4 87.1
car 74.2 73.2 74.4 78.5 82.3
cat 77.6 78.4 77.6 73.7 86.8
chair 21.8 22.5 21.4 30.4 32.3
cow 62.1 62.5 62.5 72.9 76.5
Dining-table 46.3 46.7 46.8 60.4 62.0
dog 68.4 69.8 71.8 78.5 81.1
horse 63.4 63.8 63.9 75.5 77.9
motorbike 76.2 76.4 76.5 82.1 84.3
person 72.3 72.4 73.9 79.7 82.4
Potted-plant 44.5 44.5 45.2 58.2 59.6
sheep 71.2 71.6 72.4 82.0 84.3
sofa 37.4 37.2 37.4 48.8 54.9
train 69.4 69.8 70.9 73.7 76.2
tv/monitor 54.3 54.5 55.1 63.3 64.2

Table 2: Four accuracy indices using different algorithms.

Accuracy FCN-32s FCN-16s FCN-8s DeepLab Our Method
PA(%) 82.6 83.7 85.4 87.4 88.2
MPA(%) 61.3 61.8 62.1 69.8 72.6
Mean IOU(%) 63.5 64.5 67.2 70.3 73.9
FW IOU(%) 83.6 84.1 84.7 86.9 88.4
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This paper addresses the problem of adaptive power control based on outage probability minimization in Vehicular Ad Hoc
Networks (VANETs), called a Power Control Algorithm Based on Outage Probability Awareness (PC-OPA). Unlike most of the
existing works, our power control method aims at minimizing the outage probability and then is subject to the density of nodes
in certain area. To fulfill power control, cumulative interference is assumed to be available at the transmitter of each terminal.
The transmitters sent data by maximum power and then get the cumulative interference-aware outage probability. Furthermore,
we build the interference model by stochastic geometric theory and then derive the expression between outage probability and
cumulative interference. According to the expression, we adjust the transmitter power and optimize the outage probability.
Simulation results are provided to demonstrate the effectiveness of the proposed power control strategies. It is shown that the PC-
OPA can achieve a significant performance gain in terms of the outage probability and throughputs. Comparing MPC (Maximum
Power Control algorithm) and WFPC (Water-Filled Power Control algorithm), the proposed PC-OPA decreased by 23% in terms
of the outage probability and increased by 25% in terms of throughputs.

1. Introduction

Vehicular Ad Hoc Networks (VANETs) are a promising
intelligent transportation system technology that offers many
applications such as traffic and congestion control, safety
assistance, and autodriving, all of which will drastically
change and provide tremendous benefits to our lives [1–
5]. The key technologies for VANETs, called Vehicle-to-
Vehicle (V2V) communication, involve the networking of
vehicles and other communication devices, e.g., roadside
units (RSUs). Power control is the key to maintain the
better connectivity of networks among devices, which is
used for VANETs. However, unlike the current mobile ad
hoc networks, VANETs have a lot of characteristics, such as
broadcasting, random node mobility, time-space uncertainty
transmission, and interference [6–8]; this makes VANETs
more challenging. For example, when the transmitter with
the maximum power control sends the data, in certain
area big density of nodes brings more interference to the
receiver, which results in high outage probability. Addressing

this issue, a Power Control Algorithm Based on Outage
Probability Awareness, simply named PC-OPA, is proposed.

In VANETs, traffic congestion is easy to happen [9–11].
When congestion happens, more density of nodes results
in more interference, which leads to high outage probably.
Furthermore, the retransmission results in more consump-
tion, which leads to the poor connectivity in VANETs. If
the high channel capacity is pursued, the probability of
collision is greater. Therefore, compared to traditional power
control algorithm, the PC-OPA aims at the optimal outage
probability regardless of the optimal channel capacity. In
[12], PowerControl based onBroadcastingMessages (PCBM)
algorithm is proposed, in which the transmission power is
adjusted according to the distance of the nodes. Further, the
broadcasting area of nodes is restricted, which reduces the
interference among nodes. However, the constant position
in nodes is hard to get due to the random mobility in
nodes. Therefore, PCBM algorithm has rarely considered the
random mobility in reality environment. In [13], in highway
scene, Power Control based on Roadside Unit (PSRSU)
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algorithm is proposed, in which the aim is to be sure of con-
nectivity in nodes of one side. However, Roadside Unit (RSU)
costsmore.When the congestion happens, PCRSU algorithm
is not good to solve the question of more interference
because of the more density. In [14], Power Control based on
Beacon (PCB) algorithm is proposed, in which action time of
driver and access collision in nodes are considered. In long
distance communication, the peak power control algorithm
based on L beacon is used to obtain the SINR, whereas in
short distance communication the minimum power control
algorithm based on S beacon is used to satisfy the SINR.
According to the communication distance, in PCB algorithm,
difference beacon is selected to be adaptive to VANET.
Therefore, PCB algorithm is widely used. However, when the
speed of a vehicle is very fast, the power in transmitter is used
more, which leads to more communication areas. Further,
multiuser interference is serious due to more high density in
nodes, which leads to high outage probability. At present for
more interference ofmultiusers few powers control algorithm
is considered.

In this paper, the performance of improvement of the
proposed power control algorithm is achieved in terms
of reducing cumulative interference of multiusers. Based
on the stochastic-geometry theory in receiver the spatial
user interference model is built. Further, the expression of
outage probability is deduced. After the outage probability
awareness, the transmitter adjusts the power. At last, PC-OPA
is subject to obtaining the optimal outage probability and
good throughput.

The rest of this paper is organized as follows. Section 2
discussed the related work on the system model, as well as
its usage in the analysis of VANETs characteristics. Section 3
describes the mechanism of PC-OPA. Simulation results and
the validation of the proposed matching mechanism are
presented in Section 4. Finally, concluding remarks are given
in Section 5.

2. System Model

VANETs have the obvious characteristics such as randomness
and dynamics whichmakes interference ofmultiuser difficult
to find. Therefore, multiuser’s interference in power control
of VANETs is rarely considered. Addressing this issue, the
expression about interference is needed to describe the
relationship between interference and outage probability,
which is the theoretical support for power control algorithm.
Therefore, according to the randomness, stochastic-geometry
theory is applied to build the system model and then deduce
the expression [15, 16]. In Figure 1, we present the model of
urban road system.

Due to the fact that characteristics of VANETs are ran-
domness and dynamic, multiple user interference model is
established that node random arrived at some region, which
can be regarded as stochastic point process. Using identical
probability 𝑝 (0 ≤ 𝑝 ≤ 1), any nodes are joined by edges
among 𝑁 (𝑁 ≥ 1) nodes. The total of edges is random
variable and average value of edges is 𝑝𝑁(𝑁 − 1)/2. When𝑁 → ∞, we consider a set of transmitting nodes with
locations specified by a homogeneous Poisson Point Process

(PPP) [17], 𝜋(𝜆) = {𝑥𝑖 ∈ 𝑅2, 𝑖 ∈ 𝑍}, of transmitting
nodes 𝑖 on the infinite two-dimensional plane. The nodes
of random walk obey independent and uniform distribution
and have the mobility and substitutable. Let ℎ𝑖 and ℎ𝑗 denote
the random walk between two adjacent vehicles. Let 𝑉𝑖 and𝑉𝑗 denote the speed of ℎ𝑖 and ℎ𝑗. Therefore, the probability
density of TX within communication coverage area is

𝑓𝑇𝑓 (𝜆) = ∫
∞

−∞
𝑓𝑇𝑓 (𝑡) 𝑒−𝜆𝑡𝑑𝑡 (1)

Within communication coverage area of ℎ𝑖, multiple user
interference increased with density and mobility of nodes
and then the information may not be decoded properly in
target node, while outage probability increased significantly.
We assume that network tends to be infinity, of Palm
distribution [18] and Slivnyak theorem [19]; according to
the requirement, the interference of receiver is analyzed by
conditional distribution of TX and follows a homogeneous
Poisson Point Process, where Poisson Point Process is moved.
The signal-to-interference-and-noise radio seen at the RX0 is

𝑆𝐼𝑁𝑅 = 𝑃0ℎ0𝑑0−𝛼∑𝑛𝑖=1 𝑃𝑖ℎ𝑖𝑑𝑖−𝛼 + 𝑁0 (2)

where 𝐼 = ∑𝑛𝑖=1 𝑃𝑖ℎ𝑖𝑑𝑖−𝛼, denoted by multiple user interfer-
ence; therefore,

𝑆𝐼𝑁𝑅 = 𝑃0ℎ0𝑑0−𝛼𝐼 + 𝑁0 (3)

where 𝑁0 is background noise, 𝑃0 is transmission power,𝑃𝑖 is transmission power of other users, ℎ0 is channel gain,
and 𝑑 is propagation distance. Therefore, the reference node
has effects on background noise and on interference of
other users. In Figure 2, we present the relationship between
receiver and interference.

According to stochastic geometry, we consider a Vehicu-
lar Ad Hoc network that has the following key properties.(1)Transmitter node locations aremodeled by a homoge-
neous spatial Poisson Point Process. The number of random
nodes in two-dimensional arbitrary finite area 𝐴 ∈ 𝑅2
is limited, which is called local finiteness of Poisson Point
Process, and then any nodes’ locations are nonoverlapping.(2) Suppose that bounded A and B are disjoint areas,
where 𝐴, 𝐵 ∈ 𝑅2, and Π(𝐴) and Π(𝐵) are independent
random variables, whereΠ(⋅) denotes the set of Poisson Point
Process in plane.(3)The density of bounded disjoint area is superposition;
in other words, aiming at characteristics of random mobility
in VANETs, 𝜆1 and 𝜆1 random process is assumed to be a𝜆1 + 𝜆2 homogeneous Poisson Point Process.(4) According to theorem of Slivnyak, when moving and
removing of nodes, the distribution of homogeneous Poisson
Point Process will not be affected.

In short, we introduce theories and properties of random
geometric, by space accumulated interferencemodel building
in VANETs; it is seen that accumulated interference and
outage probability increased with density of nodes, which
lead to the network throughput decreasing significantly.
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Figure 1: Urban road system model [3].
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Figure 2: The multiple user interference [20].

3. The Mechanism of Power
Control Algorithm Based on
Outage Probability Awareness

In this section, we consider a power control algorithm that
sends data with a maximum power to make a deduction of

the formula of outage probability and then adjusts transmis-
sion power on the basis of outage probability information
of awareness [21]. Finally, optimal outage probability and
network throughput were obtained by PC-OPA.

3.1. Sending Data with a Maximum Power. SINR is shown as
follows:

𝑆𝐼𝑁𝑅 = 𝑃0ℎ0𝑑0−𝛼∑𝑛𝑖=1 𝑃𝑖ℎ𝑖𝑑𝑖−𝛼 + 𝑁0 =
𝑆

𝐼 + 𝑁0 (4)

where 𝑆 = 𝑃0ℎ0𝑑0−𝛼, if 𝑆𝐼𝑁𝑅 < 𝛽, the thesis holds
that network transmission is interrupted. In accordance with
statistical law, stochastic node sets distributed in space are
called Poisson Point Processes. Suppose∏(𝑥𝑛) satisfies∏𝑥 =(𝑥𝑛 + 𝑥), ∏ and ∏𝑥 have the same distribution, and then∏ is homogeneous Poisson Point Processes. Therefore,∏(𝐵)
obeys the Poisson distribution in a bounded domain of B, and
the bounded function Λ(𝐵) = 𝜆V𝑑(𝐵) is a measurement.

Pr (∏(𝐵) = k) = exp (−𝜆V𝑑 (𝐵)) 𝜆V𝑑 (𝐵)k!
k = 0, 1 ⋅ ⋅ ⋅

(5)

where V𝑑(𝐵) is Lebesgue measure, namely, area of B. 𝜆 is
intensity or average density of unit space. It is based on
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such an assumption that location of interference sources
obeys the Poisson Point distribution and interference power
is function of power law decay of transmission distance. The
accumulated interference signal in receiver constitutes the
shot noise in two-dimensional space 𝐼(𝑥); we obtain that

𝐼 (𝑥) = ∑
𝑥𝑖∈Π(𝜆)

ℎ𝑖𝑙 (𝑥𝑖 − 𝑥) (6)

where ℎ𝑖 is small scale power fading factor.
According to the above properties, when data is sent with

a maximum power, outage probability is as follows:

Proutage (𝑆𝐼𝑁𝑅 < 𝛽) = Proutage ( 𝑆
(𝐼 + 𝑁0) < 𝛽) (7)

where 𝐼 = ∑𝑛𝑑𝑖∈Π(𝜆)∩𝑏(0,𝑎) ℎ𝑖|𝑑𝑖|−𝛼 denotes accumulated
interference with area 𝑏(0, 𝑎) of radius a; from the definition
of (7), we obtain

Pr (𝑆𝐼𝑁𝑅 < 𝛽) = 1 − Pr (𝑆𝐼𝑁𝑅 > 𝛽) (8)

Pr(𝑆𝐼𝑁𝑅 > 𝛽) is success probability:
Pr (𝑆𝐼𝑁𝑅 > 𝛽) = exp(−𝛽𝑑𝛼𝑁𝑝 )𝐸 (𝑒−𝛽𝑑𝛼𝐼)

= Pr𝑠,𝑛Pr𝑠,𝐼

(9)

and Pr𝑠,𝑛, Pr𝑠,𝐼 denote the success probabilities taking into
account only noise and interference, respectively. Since 𝑠 =𝛽𝑑𝛼, the Laplace transform of the accumulated interference
of Pr𝑠,𝐼 is

Pr𝑠,𝐼 = exp (−𝜆𝑐𝑑𝑑𝛼𝛽𝛿𝐸 [ℎ𝛿] 𝐸 [ℎ−𝛿]) (10)

Applying here with 𝑐𝑑 = 4𝜆𝜋𝑟2, 𝐸[ℎ𝛿] = Γ(1 + 𝛿):
Pr𝑠,𝐼 = exp (−𝜆𝑐𝑑𝑑𝛼𝛽𝛿Γ (1 + 𝛿) Γ (1 − 𝛿)) (11)

Outage probability in a closed-form expression is as follows:

Proutage = 1 − Pr𝑠,𝑛Pr𝑠,𝐼
= 1 − Pr𝑠,𝑛exp (−𝜆𝑐𝑑𝑑𝛼𝛽𝛿Γ (1 + 𝛿) Γ (1 − 𝛿))

(12)

with

𝐿 = −𝜆𝑐𝑑𝑑𝛼𝛽𝛿Γ (1 + 𝛿) Γ (1 − 𝛿) (13)

Proutage = 1 − Pr𝑠,𝑛exp (−𝜆𝑐𝑑𝑑𝛼𝛽𝛿𝐿) (14)

We define 𝜀 as outage probability. Now consider network
throughput of success delivery with constrained outage prob-
ability.

𝐶 = 𝜆𝜀 (1 − 𝜀) 𝐵 log(1 + 𝑆𝑁) (15)

where B is bandwidth.

3.2. Adjusting Transmission Power. Adjust transmission
power 𝑃 = ph−𝑤 based on channel state information, where𝑤 is chosen in [0, 1]. Clearly, if 𝑤 = 0, 𝑃 = p implies
maximum transmission power; whereas 𝑤 = 1, 𝑃 = p is
channel inversion.

From function (10), we have that

𝑆𝐼𝑁𝑅 = 𝑃0ℎ−𝜔ℎ0𝑑0−𝛼∑𝑛𝑖=1 𝑃𝑖ℎ−𝜔ℎ𝑖𝑑𝑖−𝛼 + 𝑁0
= 𝑃0ℎ1−𝜔𝑑0−𝛼∑𝑛𝑖=1 𝑃𝑖ℎ1−𝜔𝑑𝑖−𝛼 + 𝑁0

(16)

Adjusting transmission power, we obtain

Proutage = 1 − Pr𝑠,𝑛Pr𝑠,𝐼 = 1
− Pr𝑠,𝑛exp (−𝜆𝑐𝑑𝑑𝛼𝛽𝛿Γ (1 + 𝛿) Γ (1 − 𝜔𝛿)
⋅ Γ (− (1 − 𝜔) 𝛿))

(17)

𝐿 = Γ (1 + 𝛿) Γ (1 − 𝜔𝛿) Γ (− (1 − 𝜔) 𝛿) (18)
Then, the outage probability in a closed-form expression

is as follows:
Proutage = 1 − Pr𝑠,𝑛exp (−𝜆𝑐𝑑𝑑𝛼𝛽𝛿𝐿) (19)

From (19), 𝐿 is the accumulated interference of channel
fading. It can be verified that outage probability Proutage
decreased with power control exponent𝑤 since transmission
power is adjusted. In order to improve the network through-
put, after derivation calculus to (19), we can get optimal
solution of power control exponent 𝑤.
3.3. Adjusting behind Transmission Power of Outage Probabil-
ity. Adjust behind transmission power of outage probability
Proutage to judge whether there is maximum value. If Proutage
is not maximum value, outage probability information is
obtainedwith feedback CSI in sender. If Proutage is maximum
value, outage probabilityminimum is obtainedwith adjusting
behind transmission power. Since 𝐿(ℎ) = 𝐸(ℎ−𝜔)𝐸(ℎ−(1−𝜔)),𝐿(ℎ) is convex function:

𝐸 (ℎ−𝜔) 𝐸 (ℎ−(1−𝜔)) = Γ (1 − 𝜔𝛿) Γ (− (1 − 𝜔) 𝛿) (20)

Taking logarithm on (20),

log 𝐿 (ℎ) = log (𝐸 [𝑋−𝜔] 𝐸 [𝑋𝜔−1]) (21)

By Holder’s inequality,

𝐸 [𝑋𝑌] ≤ (𝐸 [𝑋𝑝])1/𝑝 (𝐸 [𝑌𝑞])1/𝑞 (22)

Applying here with 1/𝑝 + 1/𝑞 = 1 and 𝑝 = 1/𝑇, 𝑞 =1/(1 − 𝑇),
𝐿 (𝑇ℎ1 + (1 − 𝑇) ℎ2)
= log (𝐸 [ℎ−(𝑇𝑥1+(1−𝑇)𝑥2)] 𝐸 [ℎ(𝑇𝑥1+(1−𝑇)𝑥2)−1])
≤ log (𝐸 [ℎ𝑥1]𝑇 𝐸 [ℎ𝑥2]1−𝑇 𝐸 [ℎ𝑥1−1]𝑇 𝐸 [ℎ𝑥2−1]1−𝑇)
= 𝑇ℎ (𝑥1) + (1 − 𝑇) ℎ (𝑥2)

(23)
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Table 1: Simulation parameter setting.

Simulation Area 2000m∗2000m
Number of Vehicle 0-160
Transmission Distance 100m-300m
Channel Bandwidth 5-20MHz
Signal-to-Noise Ratio 15-30dB
Doppler Frequency Shift 100-300Hz
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Figure 3: Power control exponents 𝑤 versus outage probability.

Calculating the derivatives of (22),

(𝐿 (𝑇ℎ1 + (1 − 𝑇) ℎ2))
= 𝐸 [ℎ−𝑇] 𝐸 [ℎ𝑇−1 log ℎ] − 𝐸 [ℎ𝑇−1] 𝐸 [ℎ−𝑇 log ℎ] (24)

Function (20) is lowest when 𝑇 = 0.5. The results show
that transmission power is adjusted at 𝑃 = ph−𝑤 = ph−0.5; the
outage probability has minimum value.

4. Simulation and Results

Here, we present some numerical results to evaluate the
performance our proposed PC-OPA strategies.We compared
the outage performance of the proposed strategies with that
of WFPC (Water-Filled Power Control Algorithm) and NPC
(Non-Power Control algorithm). Assume that simulation
area is 2000 m∗2000m; the numbers of nodes vary from 0
to 160. The simulation parameters are shown in Table 1.

In Figure 3 we present relationship between outage
probability and power control exponent. Path loss exponents
for different environments are shown in Table 2. Figure 3
is for the case of 2 < 𝛼 < 6, where four different
values of 𝛼, i.e., 𝛼 = 2.5, 𝛼 = 3, 𝛼 = 4, and 𝛼 = 5
are assumed. Different parameters represent the different
environments for wireless channel. As is shown, the PC-
OPA is more effective and achieves the minimization of the
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Figure 4: Outage probability versus ℎ (dB/km) for absorption
factor.

Table 2: Path loss exponents for different environments.

Environment Path Loss Exponent, 𝛼
Free space 2
Urban area cellular radio 2.7 to 3.5
Shadowed urban cellular radio 3 to 5
In building line-of-sight 1.6 to 1.8
Obstructed in building 4 to 6
Obstructed in factories 2 to 3

outage probability. 𝑤 = 0 represents maximum transmission
power, whereas 𝑤 = 1 is channel inversion. Clearly, 𝑤 = 0.5
achieves a significant performance gain in terms of the outage
probability regardless of the radio environment, whereas𝑤 =0 and𝑤 = 1 are seen to be essentially equivalent, which is high
cumulative interference and outage probability in receiver.
This simulation is provided to demonstrate the effectiveness
of the proposed power control strategies.

Figure 4 is for the case of 2 < 𝛼 < 6, where three
different values of 𝛼, i.e., 𝛼 = 3, 𝛼 = 4, and 𝛼 = 5,
are assumed. We plot the outage probability as absorption
factor for the proposed PC-OPA strategy. Clearly, when the
absorption factor varies from 5 to 50 dB/km, the outage
probabilities reduce. The reason is that the accumulated
interference declines as absorption factor ℎ grows. Few accu-
mulated interferences make it easy to be adaptive to the SINR
of the receiver. Therefore, in different radio environment,
the proposed PC-OPA is subjected to the minimization of
outage probability according to the distribution of absorption
factor.

Figure 5 shows that the optimized outage probability is
a function of density of nodes for the proposed PC-OPA
strategy. Clearly, as the density of nodes grows, the outage
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Figure 5: Outage probability versus 𝜆 density of nodes.

probability grows. The reason is that the more the number of
the nodes is, themore accumulated the interference is.Then a
lot of accumulated interference leads to more outages.There-
fore, to reduce accumulated interference between multiusers,
the density of nodes is limited in a certain area. According to
the feedback of channel fading distribution, the transmitter
adjusted the power to reduce the accumulated interference.
The simulation results show that the proposed PC-OPA
strategy achieves the optimum outage probability in different
environment, in which the aim is to achieve the optimal
outage probability by reducing accumulated interference.

In Figures 6, 7, and 8, we plot the outage probability
as some parameters for the proposed the power control
strategies, such as PPC (Peak Power Control), PC-OPA, and
WFPC (Water-Filled Power Control). Considering above the
parameters, we can see that outage probability increased with
the density of nodes. As is shown, the PC-OPA strategy
achieves the minimization of the outage probability. In the
case of the same density, outage probabilities of PC-OPA,
WFPC, and MPC are, respectively, 0.63, 0.75, and 0.86. The
outage probability is significantly decreased by the PC-OPA
compared with that by MPC, which is decreased by 23%.The
MPC algorithm uses the maximum power to send the data.
When the channel deteriorates beyond some point, trans-
missions are made in vain. The WFPC algorithm is greedy.
However, theWFPC algorithm aims at achieving the optimal
capacity regardless of the outage probability. More outage
probability leads to deterioration of the network connectivity
and bringsmore retransmission probability.Therefore, in this
paper, the optimal outage probability algorithm is proposed.
The PC-OPA achieves the optimal outage probability under
multiusers.

In Figure 7, we plot the outage probability as a function
of the distance from 0 to 250 m.The outage probability varies
with the distances. It should be noted that the expression in
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Figure 6:Outage probability for different algorithmversus𝜆density
of nodes.
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Figure 7: Outage probabilities versus distance.

(14) is for the case of channel fading. The method of PC-
OPA provides channel fading variations for different distance
and adaptively adjusts the transmission power according to
the time varying characteristic of wireless channel; thus the
outage probability of PC-OPA is lower compared to WFPC
and MPC.

In Figure 8, we plot the outage probability as a function of
the density of nodes for the three power control algorithms.
As is shown in reality environment, there is serious Doppler
frequency. When the density and the Doppler frequency
increase, the accumulated interference in the receiver grows
more. In certain area the density of nodes trends very fast to
the saturation, which leads to the outage probability attaining
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Figure 8: The outage probability for different algorithm versus 𝜆
density of nodes (Doppler frequency shift).

to the maximum very fast. Therefore, the density of nodes
is closer to the outage probability. The simulation results in
Jack channel model show that when vehicle speed is equal
to 50𝑘𝑚/ℎ, the Doppler frequency is given for 𝑓𝑑 = 135𝐻𝑧.
Compared with Figure 4, outage probability increased with
the number of nodes for the same density. In the case
of Doppler frequency, the outage probabilities of PC-OPA,
WFPC, and MPC are, respectively, 0.83, 0.92, and 0.98. The
outage probability is significantly decreased by the PC-OPA
compared with that by MPC, which is decreased by 9%.
The simulation results demonstrate that the reality of PC-
OPA is better. The reason is that, considering the multiuser
interference and joint with the feedback of CSI, the PC-OPA
achieves the optimal outage probability.

The outage probability awareness algorithm is shown in
Algorithm 1. Figure 9 shows that the throughput is varying
as the node densities. With the increasing of the density
nodes, the throughput grows more. Clearly, MPC is very fast
trending to the saturation, and thenWFPC is second.ThePC-
OPA achieves the most throughputs among the three algo-
rithms. In the case of the same density of nodes, the network
throughput of PC-OPA was significantly higher than that of
WFPC and MPC, and then success delivery rate of PC-OPA
is 600. The high delivery rate makes more throughputs, but
results in more cumulative interference. As is shown, the PC-
OPA can adjust the transmitter power according to CSI, in
which the aim is to optimize the outage probability.Therefore,
among three power control algorithms, the PC-OPA achieves
the optimal outage probability and then achieves the most
throughput.

5. Conclusion

In this paper, to address these issues, such as random
mobility of nodes, interference inmultiusers, and high outage
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Figure 9: Throughput for different algorithm versus 𝜆 density of
nodes.

probability, we proposed a power control algorithm, called
simply PC-OPA. The PC-OPA analyzes the situation of
multiple user interference through stochastic geometry and
then establishes relationship between outage probability and
channel accumulated interference. At last, the aim of the
PC-OPA is to minimize the outage probability. Further, the
throughputs increase, while the outage probability declines.
Our simulation results validated the derived expression and
confirmed the feasibility of the proposed PC-OPA. It is shown
that, in general, not all the terminals need to use their
maximum power consumption to achieve the best outage
probability. If all the terminals use their maximum power
consumption, it is easy to increase cumulative interference.
Therefore, based on CSI, the PC-OPA in this paper is pro-
posed.The simulation results show that the outage probability
of the PC-OPA decreased by 23% and the throughput is
increased by 25%, compared to MPC and WFPC.
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1: set P0 = Pmax
2: Proutage = 1 − Pr𝑠,𝑛Pr𝑠,𝐼 = 1 − Pr𝑠,𝑛exp(−𝜆𝑐𝑑𝑑𝛼𝛽𝛿Γ(1 + 𝛿)Γ(1 − 𝛿))
3: Proutage1 = 1 − Pr𝑠,𝑛Pr𝑠,𝐼 = 1 − Pr𝑠,𝑛exp(−𝜆𝑐𝑑𝑑𝛼𝛽𝛿Γ(1 + 𝛿)Γ(1 − 𝛿))(𝐶𝑆𝐼)
4: if Proutage1 = Proutage then
5: 𝑃 = 𝑃0ℎ−𝑤
6: Proutage = 1 − Pr𝑠,𝑛Pr 𝑠,𝐼 = 1 − Pr𝑠,𝑛exp(−𝜆𝑐𝑑𝑑𝛼𝛽𝛿Γ(1 + 𝛿)Γ(1 − 𝜔𝛿)Γ(−(1 − 𝜔)𝛿))
7: else
8: Proutage1 = 1 − Pr𝑠,𝑛Pr𝑠,𝐼 = 1 − Pr𝑠,𝑛exp(−𝜆𝑐𝑑𝑑𝛼𝛽𝛿Γ(1 + 𝛿)Γ(1 − 𝛿))(𝐶𝑆𝐼)
9: end if

Algorithm 1: The flow diagram of power control algorithm based on outage probability awareness.
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