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With the exploding amount of mobile traffic data and
unprecedented demands of computing, executing the ever
increasingly complex applications in resource-constrained
mobile devices becomes more and more challenging. Future
wireless communications will be very complex with hetero-
geneous radio access technologies, transmission links, and
network slices. More intelligent technologies are required to
address those complex scenarios and to adapt to dynamic
mobile environments. Recently, deep learning has attracted
much attention in the field of wireless communication and
mobile computing. Deep learning driven algorithms and
models can facilitate wireless network analysis and resource
management, benefit in coping with the growth in volumes
of communication and computation for emerging mobile
applications. However, how to customize deep learning
techniques for heterogeneous mobile environments is still
under development. Learning algorithms in mobile wireless
systems are immature and inefficient. In this special issue
on deep learning driven wireless communication and mobile
computing, we have accepted seven papers that include both
theoretical contributions and practical research related to the
new technologies, analysis, and applications with the help of
artificial intelligence and deep learning.

One paper proposes a new fault detection mechanism
based on support vector regression among sensor observa-
tions in wireless sensor networks according to the redundant

information of meteorological elements collected by multi-
sensors.�e proposed algorithm reduces the communication
to sensor nodes and further achieves a high detection accu-
racy and a low false alarm ratio, which are more suitable for
fault detection inmeteorological sensor networks, even when
the failure rate is very high.

Another paper presents a survey on deep learning tech-
niques in signal recognition. Classical methods, emerging
machine learning, and deep leaning schemes are extended
from modulation recognition to wireless technology recog-
nition. �is survey discusses the open problems, new chal-
lenges, and future development trends on signal recognition
in practical applications, e.g., burst signal recognition and
unknown signal recognition.

One of the papers addresses the traffic explosion problem
in hierarchical wireless networks. It proposes a Double Deep
Q-network (Double DQN) based edge caching strategy, in
order to maximize unloading traffic and reduce pressure
through D2D communication. �e proposed cache replace-
ment strategy is established using a Markov decision process
(MDP) and a deep reinforcement learning framework.

Another paper presents an integrated method combining
a deep neural network (DNN) with an improved K-Nearest
Neighbor (KNN) algorithm to enhance the accuracy of
indoor positioning. �e DNN algorithm is first used to
classify the WiFi RSSI Fingerprinting dataset, and then
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these possible locations are classified by the improved KNN
algorithm to determine the final position.

Another paper aims to understand the intention of legal
consultation of users with different language expressions
and legal knowledge background. It combines deep neural
network Bidirectional Long Short-TermMemory (Bi-LSTM)
with pattern-oriented tensor decomposition to perform the
classification and deep understanding of a users’ legal con-
sulting statements. Experiments show that the proposed
method is more instructive and interpretable, and it also
demonstrates faster convergence and higher accuracy than
the traditional deep neural networks.

One of the papers addresses the issue of how to rank
nodes frompositive and negative views of social network data
mining. It develops a random walk based method for signed
networks that allows the walker to change between positive
and negative while crossing from one node to another.

Another paper proposes a deep Convolutional Neu-
ral Network (CNN) assisted personalized recommenda-
tion framework for mobile wireless networks. It combines
the mobile user's location trajectory sequence, user-shared
images, and text information and recommends potential
visiting locations to users. �is is achieved by using the big
data sampled as the user’s social and mobile trajectory and
processing it through the CNN network.

We have been impressed with the variety of topics
submitted to this special issue and we hope the reader will
enjoy the papers as much as we did. We also hope that the
deep learning driven algorithms and models demonstrated
in this special issue will be helpful to develop customized
deep learning techniques for heterogeneous wireless network
architectures, mobile applications, and mobile systems.
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At present, to improve the accuracy and performance for personalized recommendation in mobile wireless networks, deep
learning has been widely concerned and employed with social and mobile trajectory big data. However, it is still challenging to
implement increasingly complex personalized recommendation applications over big data. In view of this challenge, a hybrid
recommendation framework, i.e., deepCNN-assisted personalized recommendation, namedDCAPR, is proposed formobile users.
Technically, DCAPR integrates multisource heterogeneous data through convolutional neural network, as well as inputs various
features, including image features, text semantic features, and mobile social user trajectories, to construct a deep prediction model.
Specifically, we acquire the location information and moving trajectory sequence in the mobile wireless network first. Then, the
similarity of users is calculated according to the sequence of moving trajectories to pick the neighboring users. Furthermore,
we recommend the potential visiting locations for mobile users through the deep learning CNN network with the social and
mobile trajectory big data. Finally, a real-word large-scale dataset, collected from Gowalla, is leveraged to verify the accuracy and
effectiveness of our proposed DCAPR model.

1. Introduction

At present, mobile wireless networks are moving towards
the interconnection of all things, intelligent interconnection,
and social production organizations to accelerate customiza-
tion, decentralization, and service transformation direction.
Global mobile wireless network users reach 3 billion 70
million, and smartphone penetration rate reaches 56%. The
global population of 7.2 billion shows that the global mobile
wireless network market as a whole has a demographic divi-
dend and is considerable [1].The popularity ofmobile devices
will take up a large number of users’ time, time fragments,
which have been verified in China, Europe, the United States,
and other developed countries. Whether on the subway or
on the bus, or even in the bathroom, mobile devices play
the role of information acquisition tools, always accompanied
by users. Therefore, mobile devices have become a major
gateway to recommending information on mobile wireless
networks.

With the explosive growth of mobile traffic data and
unprecedented demand for computing power, users’ behavior
in the mobile network is no longer limited to accessing
information, but more interacting with other users on the
social network. Mobile social networking as an open public
information exchange and business service platform has
quickly entered people’s daily work and life [2]. Famous
social networks include Facebook, LinkedIn, Twitter, Sina
microblog, Renren network, Tencent QQ, and WeChat.
In social networking sites, users are no longer individual
individuals, but have intricate relationships withmany people
on the network. The most important resource in a social
network is the relationship data between the user and the user.
Using technologies such as GPS positioning, the geographic
location andmovement trajectory of themobile network user
can be obtained very accurately. Due to the rapid develop-
ment of GPS technology in the global positioning system,
it is convenient to obtain the current location information
of the user. The trajectory formed during the movement
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of people during activities can also be saved by collecting
GPS data. In a mobile social network, the user is not just
an individual, and the behavior of the user in the social
network is affected by these user relationships. By mining the
original GPS data to find out the information between users,
users can not only find users who are similar to their own
activities to establish user social networks, but also predict
other users’ destinations through similar users, thus giving
users some activity recommendations, such as restaurant,
tourist destination, and gym recommendation. Therefore,
the research and application of the recommendation system
in such mobile social networking sites should consider the
interaction of user social relationships.

The purpose of recommender system is to help con-
sumers focus on products they care about and avoid over
selection. According to a large number of experimental
data it is found that most people in the daily work and
decision-making always rely on other people’s suggestions.
Recommender systems are particularly important for those
who lack sufficient personal experience and ability. When
they cannot find the most needed information from a large
amount of information data, personalized recommendation
system will help them filter information. According to the
user’s personal preferences and requirements, different users
or user groups receive different recommendations.Therefore,
personalization is a basic strategy to promote user experience.

With the deepening of the era of big data, the application
of deep learning in recommendation systems has been paid
more and more attention by academics and industry. In a
mobile wireless network, the relationship between users is
different. The users who establish the relationship may be
relatives, classmates, colleagues, friends in the real world, or
virtual friends in the network, such as members of social net-
works with common interests. This information constitutes
a huge dataset. So far, the combination of deep learning and
social network-based recommendation systems has triggered
a series of research results, and the recommendation of
location-based social network sequence modeling based on
deep learning is in the ascendant. Deep learning has shown
outstanding performance in many research fields such as
computer vision, natural language processing, and so on,
which has aroused great interest. At present, how to securely
implement multisource data efficient recommendation rec-
ommendation service based on big data environment has also
attracted the attention of many scholars [3–8]. Obviously, the
field of deep learning in recommendation system is booming.

In this paper, we deeply studied the personalized recom-
mendation of social network based on the trajectory data of
mobile wireless network users. This paper proposes a new
location-based social network recommendation framework,
which combines the user’s location trajectory sequence, user-
shared images, and text information together to recommend
the location of mobile social network users more accurately.
The main contributions of this paper are as follows:

(i) Firstly, the location information of mobile network
users in different time periods is analyzed, then the
user trajectory in a certain time period is constructed,
then the space-time similarity calculation method of

the location trajectory of the mobile network user is
selected, and finally the location-based neighbor is
picked out for the user.

(ii) Study the problem of how to label user according to
the extract features of pictures and text. We use the
dual CNN network to extract the characteristics and
semantics of the images posted by the users to judge
the user’s interest points, so as to find the neighbors
in the mobile social network.

(iii) Conduct experiments on a dataset collected from
Gowalla to demonstrate the effectiveness of the pro-
posed framework.

The rest of this paper is organized as follows: Section 2
describes the progress of the deep learning algorithm and the
recommended algorithm. Section 3 specifies the preparations
that the algorithm model needs to perform. Section 4 details
the three main components of the proposed model. In
Section 5, we conducted extensive experiments and case
studies. Finally, in Section 6, we summarize and look forward
to the related work.

2. Related Work

Recently, a lot of research has been done in the field of deep
learning recommendation. Recommender system estimates
user preferences for projects and recommends items that
users may like [9–11]. Recommendation models are usually
classified into three types: content based, collaborative fil-
tering, and hybrid recommendation system [12]. Content
based recommendation is mainly based on the comparison
of project and user assistance information. Collaborative
filtering provides recommendations by learning from user
project history interactions, whether explicit (for example,
the user’s previous rating) or implicit feedback (for example,
browsing history). Various auxiliary information (such as
text, image, and video) can be considered. A hybrid model
is a recommendation system that integrates two or more
recommendation strategies [12].

Zheng et al. [13] based on deep collaborative neural
networks use comment information to jointly learn project
attributes and user behavior. The model uses the shared layer
to couple the project characteristics with user behavior. The
model was compared with five lines based on matrix decom-
position, probability matrix decomposition, LDA, coopera-
tive topic regression, hidden factor, and cooperative in-depth
learning using three real-world datasets: yelp review, Amazon
review, and Beer review.Themodel outperforms all baselines
on all benchmark datasets [14].

In terms of collaborative filtering based e-commerce
recommendation system, Li et al. [15] first proposed the
framework of combining in-depth learning features with CF
models (such as matrix decomposition) in 2015. Kriegeskorte
et al. [16] developed a probabilistic rating autoencoder for
unsupervised feature learning. The autoencoder generates
user profiles based on user item rating data, effectively
enhancing collaborative filtering methods. Hidasi first used
RNN to recommend data based on short sessions, rather
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Figure 1: User check-in distribution map from the Gowalla dataset.

than long historical data in 2016 [17]. And in 2018, Hidasi
et al. used item features such as images and text to further
enhance RNN based session recommendation [18]. Jannach
et al. showed that the combination of RNN and KNN
can effectively improve the recommendation accuracy of e-
commerce applications [19]. Chatzis et al. [20] used Bayesian
statistical variational reasoning model to improve recurrent
neural network model based on session prediction. Bogina
et al. [21] proposed a RNN model. Merge dwell time (the
time users check for specific items) to improve the accuracy
of session-based recommendation in e-commerce datasets,
Yoochoose. Ebesu et al. [22] showed that, to solve the cold
start problem of cooperative recommendation system, a
neural network semantic personalized sorting method based
on deep neural network and pairwise learning is proposed.

Based on hybrid recommendation system, Kim et al.
[23] studied a model based on convolutional neural net-
work, which combines the metadata information of users
or projects to achieve the purpose of improving the matrix
decomposition method. Wu et al. [24] proposed a denoising
collaborative filtering method based on automatic encoder.
Thismodel serves as a general framework for all collaborative
filtering methods, but with more flexible adjustments. The
model performs better on the MovieLens, Yelp, and Netflix
datasets than the baseline, such as ItemPop, ItemCF, Matrix
Decomposition, BPR, and FISM.

Since convolution neural network has powerful functions
in image, text, audio, video, and other types of multisource
feature representation learning, most CNNS-based recom-
mendation models use CNNs for feature extraction. In [25],
Wang et al. studied the problem of using visual content to
enhance POI recommendation. In particular, [26] proposed
a new framework, Visual Content Enhanced POI Recom-
mendation (VPOI), which combines the visual content of
POI recommendation and validates the effectiveness of the

proposed framework with real-world datasets. In [27], Chu et
al. used pretrained deep network VGG-f from MatConvNet
toolbox to extract CNN features and used support vector
machine (SVM) to classify images into four categories: food,
beverage, indoor, and outdoor. Different types of images may
vary in restaurant recommendation. By combining content
based approach and collaborative filtering method, a hybrid
restaurant recommendation system is constructed.

3. Preliminaries

Nowadays, many people use mobile social networks to post,
praise, share, comment, browse news, and organize offline
activities through social networks, so that people with the
same hobbies can gather together. If the user’s preferences
are learned from these behaviors, and the user is accurately
portrayed, then personalized content recommendation can
be made according to personal preferences, habits, and
other information. For example, if we open the news class
app, because there is personalized content, everyone sees
that the news home page is different. In this chapter, we
analyze the composition of recommendation data from three
perspectives. Firstly, users’ potential hobby information is
obtained by extracting the pictures of users in social net-
works. Secondly, we judge the places that users often visit
according to the users’ moving track. Finally, we determine
the users’ interest points by the posted picture and forwarding
information in social networks.

3.1. Trajectory Marking Scheme. Figure 1 depicts the distri-
bution of users around the world, with data sources coming
from the Gowalla dataset.This dataset contains 196591 nodes,
950327 edges, and 6,442,890 check-ins.

We classify social network data into three categories:
one-way social network data, two-way social network data,
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Figure 2: Social network attention. We selected the 10 users as the representatives from the Gowalla edges dataset. The ordinate represents
the ID number of the person concerned and the abscissa coordinates the ID number of fans. As can be seen from the figure, the user whose
ID number is 20 received more than 176 people’s attention, the highest degree of attention; and the user whose number is 10 only received the
attention of 22 people. Figure 2(b) shows the trajectory of the 3 users (their user Id are 15, 16, and 20, respectively). The abscissa represents
latitude, and the ordinate represents longitude.

and community-based social network data. In social network
data, the amount of attention and the amount of fans of each
user can be regarded as a complex directed graph. Each node
represents a user, and the total number of users that each
user pays attention to is recorded as the output degree of
the node, and the total number of fans is recorded as the
input degree of the node. The social impact of users can be

judged according to the user’s output and the degree of input.
User’s degree reflects the social impact of users; the greater
the degree, the greater the impact. User’s degree indicates the
number of users’ fans. As you can see from Figure 2, the real-
world phenomenon is that the most influential users in social
networks are always in the minority, while the majority of
users who pay attention to many people are in the minority,
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and the vast majority of users only pay attention to a few
people.

It is easy to see in Figure 2(a) that users 16 and 20 have
more than 150 fans. But their trajectory in Figure 2(b) shows
that there is no intersection in the place they are going.
This means that, in social networks, even if many people are
concerned about the same kind of people, it does not mean
that there must be a common interest between these people.
To mine the POI between them, some information must be
added, such as the user’s age, education, gender, nationality,
etc. Experience shows that users from the same region tend
to have the same tastes; people with the same educational
experience tend to focus on the same hot news.Therefore, the
user data we set is as follows: UserID, Age, Sex, Native place,
and Educational background.

Place marking is an important condition for our DCAPR
model. We use a potential factor to represent the location
effect at a given time and then learn from the potential factor
model. The site marking scheme determines how to allocate
potential factors to specific locations.

To capture site features on different time scales, we repre-
sent a site with a five-tuple representation and then aggregate
their contributions. Based on the empirical data analysis, we
consider the characteristics of three site scales: time, longi-
tude, and latitude.They are described by three different latent
vectors.Therefore, place Li is marked by five tuples (m,𝑤, loi,𝑙𝑔𝑖, and lID), which satisfies m ({1, . . . , 12}), 𝑤 ({1, . . . , 7}),𝑙𝑜𝑖 ∈ {−180, +180}), and 𝑙𝑔𝑖 ∈ {−90, +90}), and lID
is the place label. In addition, L1 h8×W, L2 h16×W, and
L3 h24×S are defined to represent the corresponding site
potential factor matrix. L1 h8×W represents the trajectory of
user activity within 8 hours of the working day, L2 h16×W
represents the trajectory of user activity beyond 8 hours, and
L3 h24×S represents the trajectory of user activity during the
Sunday and Saturday.W is the dimension of potential vector,
representing the working days in a week.

After defining the location information of users, we use
Cosine clustering algorithm to cluster the location informa-
tionmatrix in order to obtain the friends with the same inter-
est points in the community. In this way, runningCosine clus-
tering algorithmcan get the user group, and each user belongs
to only one group. In fact, users in the same group generally
have the same preferences, and then they can recommend the
information based on the past information of the users in the
group. Then we can recommend information to users more
accurately according to the information of these friends.

The Cosine clustering algorithm uses distance as similar-
ity index to find 𝐾 classes in a given dataset, and the center
of each class is obtained according to all the values in the
class. Each class is described by clustering center. For a given
dataset𝑋 containing N d-dimensional data points and a class𝐾 to be partitioned, the Euclidean distance is chosen as the
similarity index. The clustering objective is to minimize the
sum of squares of all kinds of clustering, as shown in formula
(1).

𝐽 = 𝑘∑
𝑘=1

𝑛∑
𝑖=1

𝑥𝑖 − 𝑢𝑘
2

(1)

In the past mobile trajectory model, data sparsity is a
big problem. From Figure 2(b), we can see 6 users moving
trajectories within one day. Observations show that each user
is basically only active in a fixed number of places, and some
users have repetitive movement paths, indicating that their
behavior is similar between 𝐿 𝑖 and 𝐿𝑗 in different places
(L denotes location; i and 𝑗 denote the number of different
places). However, it is also easy to see that user with no. 9 is
basically fixed in two places of activity, not intersected with
others; similarity is zero. In addition, we find that there are
other changes. User preferences vary with climate and mood.

Check-in variations at different spatial scales can describe
user preferences from different perspectives: (1) Users can
log on to their home system to communicate or shop with
friends, or they can log on to APP in the office during the day
to communicate with colleagues, or they can log in at night
when they have a good time at the bar. (2)Users can visitmore
places in his / her home or office on weekdays. At weekends,
he/she can checkmore information in some shopping centers
or resorts. (3) Users may have different habits in different
seasons. For example, he or she would ski in the cold north
during the hot summer or visit the south coast in the hot
summer.Therefore, it is impossible to capture all user features
that need to be represented in different scales by modeling
only the heterogeneity on a single scale.

3.2. Comments Scheme. Traditional machine learning meth-
ods mainly use the n-gram concept in natural language
processing to extract text features and use TFIDF to adjust the
weight of n-gram features and then input the extracted text
features into the classifier such as Logistic regression, SVM
for training. However, the above feature extraction methods
have the problems of sparse data and dimension explosion,
which is disastrous for the classifier, and makes the training
model generalization ability limited. Therefore, it is often
necessary to take some strategies to reduce dimension, such
as stop word filtering, low-frequency n-gram filtering, LDA,
etc.

WeuseCNN to classify sentences in our recommendation
algorithm.A sentence ismade up ofmanywords. If a sentence
has 𝑛 words and the ith word is 𝑤𝑖 and the word 𝑤𝑖 is
expressed as a vector of d-dimension after embedding, then
the matrix of a sentence 𝑤1:n is n × d can be formalized as
follows:

𝑊1:𝑛 = 𝑤1 ⊕ 𝑤2 ⊕ ⋅ ⋅ ⋅ ⊕ 𝑤𝑛 (2)

A word window containing m words is represented as𝑊𝑖:𝑖+𝑚−1, and a convolution kernel is a matrix of sizem × d. A
feature𝑓𝑖 can be extracted by extracting a word window from
an activation function, as follows:

𝑓𝑖 = 𝐹 (𝑀 ⋅ 𝑊𝑖:𝑖+𝑚−1 + 𝑏) (3)

where 𝑏 is the corresponding intercept and 𝐹 is Sigmoid
activation function. A convolution kernel matrix is used to
scan the whole sentence from the beginning of the clause
to the end of the clause to extract the features of each word
window, and a feature vector can be obtained, which is
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represented as follows (where the default is not to padding
the sentence):

𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑛−𝑑+1} (4)

If there are𝑚 filters, a vector of length𝑚 can be obtained
by a layer of convolution and a layer of pooling.

𝑧 = [𝐶1, 𝐶2, . . . , 𝐶𝑚] (5)

where 𝐶𝑖 ∈ R; it is the result of Max pooling after
extracting a feature map from a filter. Next, we carry out Max
pooling for feature map extracted from a convolution kernel.
Finally, the vector 𝑋 is input to the full link layer to get the
final feature extraction vector y.

𝑦 = 𝑊 ⋅ 𝑧 + 𝑏 (6)

3.3. Image Feature Extract. In social networks, especially
Twitter, QQ, WeChat, and other online social apps, users
often share some pictures in the circle of friends. Some of
these pictures were taken by the users themselves, and some
were taken by other users. Some of these shared pictures have
text descriptions, and some have no. Regardless of where
these images come from, they represent the user’s interest
preferences at that moment. If we can accurately analyze
and capture these points of interest from these images, we
can provide relevant recommendation to users in a timely
manner.

The Alexnet network structure model proposed by Alex
in 2012 triggered a boom in neural network applications and
won the championship of the 2012 Image Recognition Com-
petition, making CNN the core algorithm model in image
classification [28–30]. So here we use the CNN network to
extract the semantic features of the image.

For CNN networks for processing user-image informa-
tion, the input data of Layer 1 is represented by R, G, and
B of the original image. For convolution operations, the
size of convolution kernel is as follows: 11∗11∗3, 5∗5∗96,
3∗3∗256, 3∗3∗384. For example, on the first layer, if the
original image size is 227∗227, then the image is convoluted
by the convolution kernel of 11∗11∗3. Each convolution of the
original image generates a new pixel. The convolution kernel
moves along the x-axis and y-axis directions of the original
image.Themoving step is 4 pixels.Therefore, the convolution
kernel generates (227-11) / 4 + 1 = 55 pixels (227 pixels minus
11, exactly 54 pixels, plus 11 subtracted to generate one pixel)
and 55 ∗ 55 pixels of rows and columns form the pixel layer
after convolution of the original image.

As ReLU deep convolution network is much faster than
Tanh and sigmoid based network training, we have chosen
the ReLU function in our proposed model. These pixel layers
are processed by pool operation (pool operation). The scale
of pool operation is 3∗3, and the step size of pool operation
is 2. Then the image after pooling is normalized, and the
normalized operation scale is 5∗5. The Dropout operation is
more effective in preventing overfitting of neural networks.
Regular methods are used to prevent overfitting of models
as generally as linear models, while Dropout is implemented

in neural networks by modifying the structure of the neural
network itself. For a certain layer of neurons, some neurons
are randomly deleted by the defined probability, while keep-
ing the individuals of the input layer and the output layer
neurons unchanged, and then the parameters are updated
according to the learning method of the neural network. In
the next iteration, some neurons are rerandomly deleted until
the end of the training. The fully connected layer is actually
a convolution operation in which the convolution kernel size
is the feature size of the upper layer output. The result of the
convolution is a node, which corresponds to a point of the
fully connected layer. The convolution takes local features,
and the full join is to reassemble the previous local features
into a complete graph through the weight matrix.

4. Deep CNN-Assisted
Personalized Recommendation

4.1. DCAPR Framework. In this paper, we propose a novel
deep CNN-assisted personalized recommendation DCAPR.
As shown in Figure 3, DCAPR consists of three layers of
progressively progressive recommendation layers: a rough
recommendation layer, an enhanced recommendation layer,
and an accurate recommendation layer.

The first layer is a rough recommendation layer. By
comparing the user trajectory sequence of the mobile social
network, the similarity of the user’s moving trajectory
sequence is compared, and several candidate buddy users
are picked out. But, among these candidate users, there
may be “fake-friends”, that is, although the two people have
similar movement trajectories, the points of interest are
completely different and cannot be regarded as true friends.
For example, user A and user B have the same trajectory
within a certain period of time and are all active in a certain
mall. However, User A is concerned with clothing, while
User B is concerned with the e-sports game upstairs in the
clothing store. Therefore, DCAPR built a second layer of
recommendation framework to improve this problem.

The second layer is the enhancement layer. Based on the
candidate friends selected in the previous layer, the CNN
convolutional neural network is used to extract features of
various image content uploaded by the candidate users on
themobile social platform. According to the visual content of
the image, the interest association between the users can be
further explored, so that the candidate friends can be refined
and filtered.

The third layer is the accurate recommendation layer.
For the text, the deep learning CNN classification method
is combined with the context to extract and retrieve the
semantic content of the text, and the vocabulary defined
as illegal is deleted or the illegal vocabulary is occupied by
the recommendation. Based on the previous two layers, the
semantic comparison of the posts posted by the user is carried
out to construct a deep hierarchical prediction model for
more accurate recommendation.

Themodel integrates the location information of the user
in the real world, the pictures shared by the user in the social
network, and the text information published or forwarded by
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Figure 3: The framework of DCAPR model. The framework consists of three layers: a rough recommendation layer, an enhanced
recommendation layer, and an accurate recommendation layer.

the user on a platform.Therefore, in the same space, the user
is recommended for images, news, and places by calculating
the similarity among the semantic features of the characters,
the semantic features of the images, and the auxiliary location
information.

4.2. Rough Recommendation Layer. In order to recommend
a location point that may be of interest to a mobile social
network user, first of all, look for his neighbors in the mobile
social network. Since his neighbors and the user may have
similar points of interest, we can recommend the place where
the friend has been to the user, and vice versa. In this layer, we
temporarily do not consider the context of the user’s location
sequence and only calculate and analyze the user’s behavior
characteristics from the perspective of time and space, so as to
roughly filter out several friends of the mobile social network
users to prepare for future recommendation information.
Since mobile social network users have different check-in
times and ways for location points, we divide the rough
recommendation layer into two modes: frequency position
point mode and trajectory sequence matching mode.

4.2.1. Frequency Position PointMode. Thedegree of interest of
the user at the location point is determined based on the user’s
frequency of check-in at a certain point.We first calculate the
frequency of each user’s access to a certain location, compare
it with the preset frequency threshold, and then select the
users who visit the location with a frequency greater than
a fixed threshold to form a user neighbor group. Since the
nature of each user’s work may be different, the working time
may be different, and the labor intensity may be different,

such statistics may cause large errors. For example, user A
and user B frequently go to a famous gym, but user A is a
courier, he is a customer who delivers courier items to the
gym; and user B is a member of the gym, he is going to
exercise every time. Therefore, it is easy to generate misjudge
whether two users are neighboring users only by the number
of occurrences at a certain place. In order to avoid this defect,
we have improved the statistical method by using the user’s
check-in frequency ratio instead of the check-in frequency.
That is, we count the ratio of the number of times each user
has a checkpoint li (1≤i≤n) to the total number of check-ins
of the user in a fixed time range (for example, 1 week), and the
specific calculation is as shown as formulas (7) and (8).

𝑅𝑖,𝑗 = 𝑝𝑖,𝑗∑𝑛𝑗=1 𝑝𝑖,𝑗 (7)

𝑆𝑖,𝑗 = √∑(𝑅𝑖,𝑗 − 𝑅𝑖)
2

𝑛 − 1 (8)

where 𝑛 represents the total number of location points
and 𝑅𝑖,𝑗 indicates the check-in frequency ratio of user 𝑖 at
the location point 𝑗. And 𝑝𝑖,𝑗 is the percentage of user 𝑖 who
checked in at location j; 𝑅𝑖 is the average percentage of each
user who checked in at all locations.

According to common sense of life, we know that the
greater the proportion indicates that the user is more inter-
ested in the location. According to the probability of sign-in
at each location point, we can list each location’s interest point
table for each user in order of high to lowproportion and then
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Figure 4: The check-in ratios for five users, the probability of each user’s check-in at this location, and the standard deviation of the number
of check-ins.

calculate the variance according to the location interest point
table to calculate the similarity between users.

Table 1 lists the frequency of check-in frequencies for five
randomly selected users at specific locations.

Table 1 lists the check-in frequency ratios of five users
randomly selected in the Gowalla dataset at the location of
the tag 420315. As can be seen from Table 1, in terms of the
number of times, the user numbered UserId 66 has checked
in 47 times at the place, and the number of check-ins is greater
than the remaining four users. However, it is obviously wrong
to judge that the user is very interested in the location point
420315 because the user has a sign-in ratio of 17.1% at that
location.The other user UserId 7 has only 21 check-ins at this
location. This number of check-ins is the least compared to
the number of other four users. However, his/her check-in
ratio at position 420315 is 28%, which clearly indicates that
his/her interest in the location is very strong.

Figure 4 shows the check-in ratios for five users, the
probability of each user’s check-in at this location, and the
standard deviation of the number of check-ins. The blue
color in the figure indicates the sign-in ratio of each user
at the location point 420315; red indicates the proportion of
each user’s ratio of the check-in at this location compared
to the total check-in ratio of the five users; green indicates
the calculated standard deviation. The closer the standard
deviation to the sign-in ratio, the more intense his or her
interest in the location.

4.2.2. Trajectory Sequence Matching Mode. According to the
sequence of moving trajectories, we can analyze from two
dimensions in space and time, and by comparing the motion
trajectories of the users, we can find the nearest neighbors
similar to the trajectory sequence of the user. And then,
the location contained in the nearest neighbor’s trajectory

sequence is recommended to users who are similar to their
trajectory but have not been to the location. For mobile
network user location recommendation, we divide it into
three steps. The first step is the preprocessing stage. We
obtain the movement trajectory and movement time interval
of each user by preprocessing the dataset, thus forming the
user’smovement trajectory sequence, as shown as Figure 5. In
Step 2, we regard the sequence of moving tracks as a string,
each character representing a place and setting a threshold.
When comparing the motion trajectories between two users,
once there is a common substring whose length exceeds
the threshold in their trajectory, it is considered that the
two users find each other as the nearest neighbor. If the
common substring’s length is less than the threshold, step
3 is performed; that is, the similarity is simply considered
spatially. We first count the number of times each user has
been to each location, and then use the Cosine method to
calculate the similarity between users.

Cosine Clustering for User Location. How to accurately extract
the personalized information demand preference model of
mobile users with location changes according to the change
rule of users’ personalized demand for information changes
with location changes will become the key of location-based
mobile communication network information recommenda-
tion service. In the proposed model, we learn the user’s per-
sonalized demand for information according to the cyclical
changes of the user’s position with time and extract the user’s
personalized information demand preference model. The
user’s geographical location is constantly changing within a
certain period of time (one day, oneweek, or onemonth), and
the information services required in different geographical
locations are also different. However, within a plurality of
time periods (a few days), there is a certain regularity in the
change of the geographical location of the mobile user.
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Table 1: Check-in status of 5 users of mobile social network at location point 420315.

UserId LId Check-in frequency Total Check-in Frequency Ratio Probability
0 420315 28 224 0.125 0.117116535
7 420315 21 75 0.28 0.262341038
31 420315 43 100 0.43 0.402880879
52 420315 21 342 0.061404 0.05753139
66 420315 47 275 0.170909 0.160130159

Table 2: The locations and times of three users visited in the past week.

UserID Locations
Natatorium Gym Hospital Bank Museum Restaurant Starbucks Library Bowling alley

UA 2 4 1 1 1 0 0 0 0
UB 3 0 1 0 1 4 2 1 0
UC 0 0 0 0 1 3 3 2 1

In location-based social networks, all POIs have loca-
tion attributes, and user behavior has temporal and spatial
sequential patterns. At present, the social network can obtain
the user’s trajectory through technical means such as check-
in and GPS in the social network. According to the cross
information of the user’s trajectory and combined with the
rating of the location, the preference of the user can be found.
However, the recommendation system based on location-
based social network should not only focus on the user’s own
trajectory sequence, but also focus on the social relationship
between users, so as to select the top k sites to recommend to
users through the ratings of other users with high similarity.
For instance, as shown in Figure 6, according to the user’s
trajectory, the user UA has visited Natatorium, Gym, Hos-
pital, Bank, Museum, etc. in the past week. Also in the past
week, user UB has visited Natatorium, Restaurant, Hospital,
Museum, Starbucks, and Library, respectively. Another user
UC went to Bowling alley, Restaurant, Museum, Library, and
Starbucks.

Table 2 shows the places where the three users in Figure 6
have been visited and the number of times each place has
been visited. From Table 2, we can see the social relationship
and similarity between UA, UB, and UC. Therefore, we can
recommend to users UA, UB, and UC the sites that they may
be interested in according to the similarity.

We divide each time period into 𝑁 segments based on
the number of user activities.Then, the sequence of change of
the geographical location of the mobile user in a time period
is 𝑙𝑖, i=1,2,. . ., N, and in all𝑀 time periods, the sequence of
position change sequence of each mobile user is

𝑃𝑖,𝑗 = (𝑙𝑖𝑗)𝑀×𝑁 , 𝑖 = 1, 2, . . .𝑀, 𝑗 = 1, 2, . . . 𝑁 (9)

The location-based mobile user preference model is a
two-tuple 𝑈𝑘=(𝑢𝑖, 𝐿𝑗), where 𝑈𝑘 represents the kth user in
a mobile social network. And the two-tuple 𝑈𝑘=(𝑢𝑖, 𝐿𝑗)
represents the ith user at a certain location 𝐿𝑗. Suppose there
are two mobile social network users A and B.The application
characteristics of all network service items in the locations𝐿𝑎 and 𝐿𝑏 are 𝑈𝑎=(𝑢𝑎, 𝐿𝑎,) and 𝑈𝑏=(𝑢𝑏, 𝐿𝑏), respectively;𝑢𝑎 and 𝑢𝑏 which are all network service multidimensional

feature vectors used by the two mobile social network users
at locations 𝐿𝑥 and 𝐿𝑦 are normalized such that they have the
same length. The location-based user preference similarity
can be defined as follows:

𝑠𝑖𝑚 (𝑈𝑎, 𝑈𝑏) = 1𝑒𝑑𝑖𝑠(𝐿𝑎 ,𝐿𝑏)
× ∑𝑛𝑖=1 (𝑢𝑎,𝑖 × 𝑢𝑏,𝑖)√∑𝑛𝑖=1 (𝑢𝑎,𝑖)2 × √∑𝑛𝑖=1 (𝑢𝑏,𝑖)2

(10)

Obviously, on the one hand, when two mobile users are
in the same position, the distance between them is 0, dis(𝐿𝑎,𝐿𝑏)=0, at this time, 𝑒𝑑𝑖𝑠(𝐿𝑎 ,𝐿𝑏) = 1. For any two different
locations of mobile users, due to dis(𝐿𝑎, 𝐿𝑏)>0, then 0<𝑒𝑑𝑖𝑠(𝐿𝑎 ,𝐿𝑏) <1. If and only if a=b, sim(𝑢𝑎, 𝑢𝑏)=l. Therefore,
for any two mobile users, the similarity 𝑠𝑖𝑚(𝑢𝑖, 𝑢𝑗) ∈ [0, 1].
According to Table 2, we can calculate the similarity between𝑈𝐴, 𝑈𝐵, and 𝑈𝐶; the result is shown in Table 3.

On the basis of the similarity calculation results in Table 3,
we can judge the user’s preference from the trajectory of the
place where the user has been and calculate the similarity
between the trajectory of the user and the user. As can be seen
from Table 3, the similarity between User B and User C is
significantly higher than that between user A and user C and
between user A and user B. In this way, we can recommend
the places where User B has been to User C according to the
interests of User C.

4.3. Enhanced Recommendation Layer. CNN network for
image processing adopts seven-layer structure, andCNNnet-
work for text processing adopts three-layer frame structure.
Firstly, we rescale images to 227∗227. And thenwe use 8-layer
VGGNet to extract an image feature map.

As shown as Figure 7, semantic information is extracted
from pictures which are posted by different users, and the
user is tagged with various categories. For example, from the
picture that user 1 has posted, we can deduce that the user
may not only like to travel, but also may be a photography
enthusiast. Therefore, the user 1 can be affixed with a travel-
loving label or a photographer’s label; similarly, the user 3
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Table 3: Cosine formula is used to calculate the similarity of 3 users.

UserID UserID
UA UB UC

UA 0 0.2949 0.0426
UB 0.2949 0 0.7578
UC 0.0426 0.7578 0
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Figure 5: An example about three users’ trajectory.
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Figure 6: Three users UA, UB, and UC outdoor trajectory of the past week.
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Figure 7: An example of the extracted semantic information from posted pictures by different users and label these users.

is the same. The user 2 can not only be tagged with travel
and photography, but also can derive the user’s preferred
sport according to the content in the figure. If the motion
tag continues to be subdivided, information about the user’s
preference to practice yoga can be obtained. Therefore, if the
user has just arrived in the city, there is no local trajectory
generated; that is, when the recommendation based on the
location information is a cold start, we can recommend the
location that the user may be interested in according to the
picture that the user has posted.

4.4. CNN Network for Comments. The third layer of our
model is the extraction of text features from comments or
forwarded articles from users in social networking forums.
The text extraction method refers to the extraction of text
features using the CNN convolution network. First, the
original text is preprocessed, including word segmentation,
deactivation, etc., and then the preprocessed text is vector-
ized using the skip-gram model in word2vec. Finally, each
sentence is transformed into a matrix form. Next, the feature
extraction and classification of the comment statements can
be performed using the CNN network. This process is very
similar to the image feature extraction using CNN. When
convolving the text matrix, the text matrix is convolved using
filters of different lengths. The width of the filter is equal to
the length of the longest word vector in the sentence, and
then the vector extracted by each filter is operated using Max
pooling. Finally, each filter corresponds to a number, and the
results of these filters are spliced together to obtain a vector
characterizing the sentence.

5. Experiments

5.1. Dataset and Experimental Settings. Using technologies
such as user check-in information and GPS positioning, the

Table 4: Statistics of dataset. We separated images from geographic
information from 196,591 users.

Nodes 196591
Edges 950327
Nodes in largest WCC 196591 (1.000)
Edges in largest WCC 950327 (1.000)
Nodes in largest SCC 196591 (1.000)
Edges in largest SCC 950327 (1.000)
Average clustering coefficient 0.2367
Number of triangles 2273138
Fraction of closed triangles 0.007952
Diameter (longest shortest path) 14
90-percentile effective diameter 5.7
Check-ins 6442890

geographic location and movement trajectory of the mobile
network user can be obtained very accurately.

We consider using a publicly available Gowalla dataset
for our proposed model. Gowalla dataset is a location-based
social networking website where users share their locations
by checking-in.The friendship network is undirected andwas
collected using their public API and consists of 196,591 nodes
and 950,327 edges. We have collected a total of 6,442,890
check-ins over the period of Feb. 2009-Oct. 2010.

Table 4 presents the statistics of the dataset’s detail. The
dataset provides information such as user identification,
age, sex, occupation, time, location, image, comments, etc.
Following [31], we removed all users who have less than 10
check-ins and locations which have fewer than 15 check-
ins. Finally, the collection constructed contained 837,352
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Table 5: Comparison of the evaluation results of four models on test sets.

Method Precision Recall F1
PACE 0.0976 0.0913 0.094344944
VPOI 0.1283 0.1208 0.124437094
SEER 0.1462 0.1483 0.147242513
DCAPR 0.1528 0.1567 0.154725428

Table 6: Results of recommendation index in the case of recommendation number increase and recommendation dimension fixed.

Method Number of Recommended Precision Recall F1
PACE 10 0.0924 0.0815 0.0866
PACE 20 0.0976 0.0913 0.0943
VPOI 10 0.1064 0.1059 0.1061
VPOI 20 0.1283 0.1208 0.1244
SEER 10 0.1305 0.1297 0.1301
SEER 20 0.1362 0.1383 0.1372
DCAPR 10 0.1398 0.1387 0.1392
DCAPR 20 0.1528 0.1567 0.1547

subtrajectories with corresponding locations, comments, and
images. Table 3 presents the statistics of the dataset’s detail.

5.2. Baselines. For comparison with the proposed model, we
consider the following baselines:

(i) Preference and Context Embedding (PACE). Reference
[31] pointed out the current POI recommendation
methods are designed for specific data and problems,
and a general semisupervised learning model is pro-
posed.That is, the preference and context embedding
model can utilize the information of neighboring
users and locations to alleviate the data sparse prob-
lem of the recommendation system.

(ii) Visual Content Enhanced POI Recommendation
(VPOI). Reference [25] proposed a POI recommen-
dation model with visual content enhancement based
on CNN and probability matrix factorization. The
author studied how to incorporate image content
information to improve the POI recommendation.
VPOI uses CNN to extract features from image
content and constructs a probabilistic theme
model through user-image relationship, POI-image
relationship, and user-POI relationship. Finally, the
image feature extraction and probability topic model
are integrated into one unified. The optimization
function is built in the framework, and the Negative
Sampling method is used to optimize the parameters.

(iii) Sequential Embedding Rank (SEER). Reference [32]
made a point of interest recommendation based on
the user’s interest preferences and mobile mode.
Specifically, SEER model uses distributed representa-
tion technology to learn the embedded representation
of the user and then embed the user as a constraint
into the paired sorting model to capture the sequence
pattern of the user’s behavior. At the same time, it also
incorporates time and space information.

5.3. Experimental Results and Analysis. The proposed
method is evaluated based on Precision, Recall, and
Accuracy using a real-world dataset. We adopt the evaluation
index in information retrieval to evaluate our method and
contrast model method. Specifically, we used Precision
and Recall two values to evaluate the two formulas. The
definitions are as follows:

Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝐿V𝑖𝑠𝑖𝑡𝑒𝑑 ∩ 𝐿𝑁,𝑅𝑀 (11)

Re𝑐𝑎𝑙𝑙 = 𝐿V𝑖𝑠𝑖𝑡𝑒𝑑 ∩ 𝐿𝑁,𝑅𝐿V𝑖𝑠𝑖𝑡𝑒𝑑
 (12)

𝐹1 = 2 ∗ Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ Re𝑐𝑎𝑙𝑙
Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + Re𝑐𝑎𝑙𝑙 (13)

where 𝐿visited represents the set of locations contained
in the Gowalla dataset and 𝐿N,R represents the set of places
with the recommended number of M. The final values for
Precision and Recall are averaged over the dataset for all
users. The related experimental results are shown in Table 5.

Figure 8 shows the Precision, Recall, and F1-Score of
different models. From Table 5 and Figure 8, we can see
that our model DCAPR is significantly better than the
other three benchmark comparison algorithms, because we
incorporate multisource heterogeneous information, such
as images, text, geographic location information, etc. The
integration of multisource heterogeneous information helps
to more accurately characterize the user’s access behavior,
which in turn enables more accurate modeling.

In Table 6, when the dimensions remain the same and
when the number of recommendations increases from 10 to
20, the results of eachmodel on the corresponding evaluation
indicators (Precision and Recall) are also improved. This is
defined by the calculation formulas of Precision and Recall.
When more places are recommended to the user, it is easier
to hit the already visited records of the user in the test dataset,
thus causing the value to be large.
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Table 7: Results of recommendation index in the case of dimension increase and recommendation dimension number fixed.

Method Dimension Precision Recall F1
PACE 100 0.0924 0.0815 0.0866
PACE 500 0.0965 0.0902 0.0932
VPOI 100 0.1064 0.1059 0.1061
VPOI 500 0.1279 0.1264 0.1271
SEER 100 0.1305 0.1297 0.1301
SEER 500 0.1358 0.1376 0.1367
DCAPR 100 0.1398 0.1387 0.1392
DCAPR 500 0.1525 0.1563 0.1544
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Figure 8: Precision, Recall, and F1-Score with different number of recommendations.



14 Wireless Communications and Mobile Computing

Table 7 shows that when the number of recommendations
is consistent and the dimension is increased from 100 to 500,
the values of the respective models on the corresponding
evaluation indicators are correspondingly increased. This is
because more dimensions can describe the hidden feature
values more carefully, which will make the model effect
increase.However, as can be seen fromTable 7, the increase in
the dimension does notmake themodel continue to improve,
because the oversized dimension leads to overfitting.

6. Conclusion and Future Work

The development of intelligent mobile devices has driven the
rapid development of mobile social networks. Deep learning-
driven algorithms and models can promote wireless network
analysis and resource management and help to cope with
the growth of communication and computing in emerging
mobile applications. In this paper, by means of in-depth
learning, the user behavior sequence pattern is integrated into
the recommendation system, which is helpful to discover the
dependencies between user behaviors and improve the qual-
ity of recommendation. It is for this purpose we presented a
novel social network recommendation algorithm framework
based on mobile wireless network. Finally, a comprehensive
experiment of the DCAPR method is carried out using the
user dataset from Gowalla. The results show that the baseline
improvement is more significant when the user’s behavior
sequence is fused with the user’s posted images, text, and so
on through DCAPR framework.

Now, the recommendation systembased on deep learning
faces two main problems: one is how to better combine
multisource data for recommendation; the other is how to
analyze the intermediate process and the final result from
a mathematical perspective. The deep learning-based rec-
ommendation system usually uses the end-to-end model to
predict the user’s preference for the project by using the mul-
tisource heterogeneous data as input. The recommendation
system involves many auxiliary data: comments, tags, user
portrait information, user socialization, and recommended
situation information (time; location). It can be seen that
the current recommendation system needs many modeling
factors. In the future, if the multiobjective optimization [33–
37] and multisource heterogeneous data can be combined
to dynamically evolve user preferences and project features,
the performance of the recommendation system can be
improved. For the second question, we are inspired by the
research of Sun et al. [38–48], and we may be able to find out
the answer we want.

At present, learning algorithms in mobile wireless sys-
tems are immature and inefficient. More endeavors are
needed to bridge the gap between deep learning and wireless
communications and mobile computing research. Specifi-
cally for mobile wireless network recommendation system,
the application of in-depth learning in location-based social
network recommendation systemmainly focuses on sequen-
tial pattern modeling. How to integrate a large number of
implicit and explicit heterogeneous spatiotemporal data of
mobile wireless network users through in-depth learning,

so as to build a unified recommendation framework, is the
future direction of development.
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Social networks have become an indispensable part of modern life. Signed networks, a class of social network with positive and
negative edges, are becoming increasingly important. Many social networks have adopted the use of signed networks to model
like (trust) or dislike (distrust) relationships. Consequently, how to rank nodes from positive and negative views has become an
open issue of social network data mining. Traditional ranking algorithms usually separate the signed network into positive and
negative graphs so as to rank positive and negative scores separately. However, much global information of signed network gets
lost during the use of such methods, e.g., the influence of a friend’s enemy. In this paper, we propose a novel ranking algorithm
that computes a positive score and a negative score for each node in a signed network. We introduce a random walking model for
signed network which considers the walker has a negative or positive emotion. The steady state probability of the walker visiting a
node with negative or positive emotion represents the positive score or negative score. In order to evaluate our algorithm, we use
it to solve sign prediction problem, and the result shows that our algorithm has a higher prediction accuracy compared with some
well-known ranking algorithms.

1. Introduction

Signed network [1] is a kind of social network that consists of
edges with positive and negative signs. Positive edges denote
friendship, trust, or agreement, while negative edges can
be enmity, distrust, or disagreement. Online social network
websites have become a favorite place for many people to
share their opinions. Signed networks are very useful to
understand the relationships between online social network
users.

How to measure the importance of nodes in a social
network has always been an important issue in many data
mining fields such as collaborative filtering [2], community
detection [3], and link prediction [4]. Signed networks make
the node ranking problem more complex because signs
associated with edges suggest further information of nodes,
but this is significant inmany scenarios. For example, internet
celebrities (famous in the network) of online social network
can gain a lot from word-of-mouth marketing. However, a
person can become famous either because many people like

him or because a lot of people dislike him. An unwelcome
celebrity will make the marketing fail. Therefore, it is crucial
to recognize the difference between positive influence and
negative influence. Furthermore, it is hard to say if the
different influences might cancel each other out. For example,
people with a lot of supporters and the same number of
opponents will be more influential than ordinary people. So,
it is attractive to rank nodes from both positive and negative
views.

A classical node ranking method is known as PageRank
[5], which measures a node from a global view. If there
is a path from node A to node B, it can be viewed as
A supporting B. Hits [6] is another classical ranking algo-
rithm, which measures the authority of websites by external
links. These methods assume the network only contains
positive edges. It means a node that has many friends is
not different from a node that has many enemies because
the signs on the edges are not considered. In the wake
of the development of signed networks, a growing interest
goes to the trustability of a person by computing ranking
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nodes based on a criterion evaluating the trust worthiness.
Some modified ranking algorithms [7, 8] separate signed
network into positive subgraph and negative subgraph and
then compute the corresponding ranks using PageRank or
Hits. Some important global information may be lost in those
modifiedmethods. For example, node A has a friend B, and B
has an enemy C. Methods [7] and [8] ignore the relationship
between A and C. SRWR [9] could compute positive and
negative scores of nodes in signed network, but these scores
are from a personal view.

In this paper, we propose a novel ranking method for
signed network. Our contributions are as follows:(1) A novel random walking model for signed network:
this model can simulate human activity of visiting an online
social network website. A walker visits nodes with positive
or negative emotion which denotes the walker likes (trust) or
dislikes (distrust) this node. When the walker visits a node
and turns to negative, he leaves with probability just like you
will close an unpleasant website.The steady state probabilities
of thewalker visiting a nodewith negative or positive emotion
represent the positive score or negative score.(2)Aranking algorithm referred as SignRank:we propose
an iterative algorithm to rank the nodes and prove our
algorithm converges.(3) Experiment: we compare our method with some well-
known classical algorithms. It is difficult to show whether
our method is better directly, so we apply these methods
to a classic problem, i.e., sign prediction problem in signed
network. The experiment shows our method has a higher
accuracy than other methods.

This paper is organized as follows. Section 2 is about the
related works. Section 3 discusses methods for the SignRank
in signed networks. Section 4 presents the experiments and
Section 5 gives conclusions.

2. Related Works

In recent years, signed networks have attracted more and
more attention for its ability to specify trust or distrust
relationships betweennodes.Networkmodeling andnetwork
topology analysis are important foundations for the study
of signed networks. BSCL [10] is a signed network genera-
tive model which could learn parameters automatically and
generate signed networks from a given real network. The
generated network keeps some key properties unchanged,
especially balance/unbalanced triangle distribution. M. Lud-
wig et al. [11] proposed a balance theory [12, 13] based
evolutionary model, which adds or removes edges to a
social network until it reaches a steady state. IB [14] is
inspired by balance theory and ant behavior, which considers
interactions between individuals could cause edges to be
changed. Measuring node relevance on signed networks is
becoming an important and attractive issue. Tyler Derr et al.
[15] have proposed a series of methods from both local and
global perspectives such as signed common neighbors (SCN)
and Signed Jaccard Index (SJI).

PageRank [5] and HITS [6] are the most popular rank-
ing algorithms for unsigned network (positive edges only).
They focus is on the global topology of social network.

Personalized ranking is another kind of ranking research
area, which ranks nodes from a specified node’s view, such
as Personalized PageRank [16] and Bayesian Personalized
Ranking [17].

In order to make traditional methods applicable to neg-
ative edges, researchers have proposed some new methods.
Modified PageRank [7] separates signed network into pos-
itive and negative subgraphs and then computes PageRank
score separately. This method ignores much information
of global topology. PageTrust [18] is also extended from
PageRank. It uses random walk model and considers the
walker choose negative edge with a lower probability, so
it could rank how trustable nodes are. Another trustable
ranking algorithm is TrollTrust [19] which scores the nodes
with probability of trustworthiness. Prestige [20] subtracts
the number of positive edges by the number of negative
edges and normalizes the result. According to these methods,
positive or trust score can be counteracted by negative or
distrust score. However, positive and negative scores cannot
cancel each other out in some case. For example, a famous
rock star has a lot of supporters and the same number
opponents, but we do not think he has the same influence
as an ordinary person. SRWR [9] is a random walk with
restartmodel based rankingmethod, which could rank nodes
from a personal view in the signed network, but it cannot
be applied to large-scale networks. SWR [21] is another good
random walk based method, which considers the walker will
choose negative edge with smaller probability than positive
edge.

3. Ranking Method

3.1. Random Walking Model for Signed Network. At first,
a signed network is denoted by a weighted graph 𝐺 =(𝑉,𝐴+, 𝐴−). 𝐴+𝑖𝑗 and 𝐴−𝑖𝑗 are defined as follows:

𝐴+𝑖𝑗
= {{{

1, if there is a positive link from 𝑖 to 𝑗
0, if there is no a positive link from 𝑖 to 𝑗

(1)

𝐴−𝑖𝑗
= {{{

1, if there is a negative link from 𝑖 to 𝑗
0, if there is no a negative link from 𝑖 to 𝑗

(2)

We will introduce a novel random walk model for signed
network (RWSN for short) and simulate the behavior of
users accessing online social network sites. RWSN supposes
a walker randomly visits a user’s home page. After that, the
walker will visit one of the neighbors of this page.

The walker could have a positive or negative emotion
when accessing social networks, and the edges of social
networks have positive or negative signs.The reasons why the
walker has positive emotion may be the following ones:(1)The walker trusts the visited node.(2) The walker agrees with the visited node’s political
views.
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Figure 1: An example of RWSN. Alice starts walking with positive
emotion.

(3) Some external factors are the reason.
In contrast, the walker gets into negative emotion because

of the following:(1)The walker distrusts the visited node.(2) The walker disagrees with the visited node’s political
views.(3) Some external factors are the reason.

In our model, if a walker travels through a negative link,
he/she will flip his/her sign, whereas the walker will keep the
sign unchanged if he/she travels through a positive link. We
define such rules according to structure balance theory of
sign network [13].

For example, Figure 1 shows a walker named Alice visits
an online social network with emotion. At first Alice visits
node A with positive emotion; then she has two choices
denoted by actions 1 and 2. In the case of action 1, she visits A’s
friend B through a positive edge and keeps positive emotion.
In action 2, she visits A’s enemyC through a negative edge and
turns to negative emotion.

Figure 2 shows another example, in which Alice starts
walking with negative emotion, and she has three choices. In
action 1, she visits A’s friend B and remains unhappy. In action
2, she visits A’s enemyC and becomes happy. In action 3, Alice
is tired of them and leaves; then she will visit a node in the
network randomly with random emotion.

We say that 𝜋+(𝑡)𝑖 is the probability of Alice visiting node𝑖 with positive emotion at time 𝑡. In contrast, we use 𝜋−(𝑡)𝑖
to represent the probability of Alice visiting this node with
negative emotion. Therefore, the probability of Alice visiting
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-
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Alice

Alice
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Figure 2: An example of RWSN. Alice starts walking with negative
emotion.

the node i with positive emotion at time (𝑡 + 1) can be
calculated as

𝜋+(𝑡+1)𝑖 = ∑
𝑗𝜖𝐼𝑁+
(𝑖)

𝜋+(𝑡)𝑗 𝑝𝑗𝑖 + (1 − 𝜆) ∑
𝑗𝜖𝐼𝑁−
(𝑖)

𝜋−(𝑡)𝑗 𝑝𝑗𝑖
+ 𝜆2𝑁

𝑁∑
𝑗=1

𝜋−(𝑡)𝑗
(3)

We say that the subscripts 𝑖 and 𝑗 denote the nodes in the
signed network. 𝑗 belongs to the set 𝐼𝑁+(𝑖) under the condition
that there is a positive link going from 𝑗 to 𝑖. Similarly, 𝑗
belongs to 𝐼𝑁−(𝑖) under the condition that there is a negative
link going from 𝑗 to 𝑖. Here 𝑝𝑖𝑗 is the probability of Alice
accessing the node 𝑖 after accessing the node 𝑗without taking
Alice’s emotion into account, and 𝑁 is the number of the
nodes, and 𝜆 is the probability of random jump due to a
bad mood of Alice. We name 𝜆 as tiredness probability. 𝑝𝑖𝑗
is computed as

𝑝𝑖𝑗 = {{{{{
0, if there is no link from 𝑗 to 𝑖1𝑂𝑈𝑇 (𝑗) , if there is a link from 𝑗 to 𝑖 (4)

where 𝑂𝑈𝑇(𝑗) is the number of out-degree of node 𝑗. The
probability of Alice visiting the node 𝑖 with negative emotion
at time (𝑡 + 1) is as follows:
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A B C+
+

+

Figure 3: An example of trap.

𝜋−(𝑡+1)𝑖 = ∑
𝑗𝜖𝐼𝑁−
(𝑖)

𝜋+(𝑡)𝑗 𝑝𝑗𝑖 + (1 − 𝜆) ∑
𝑗𝜖𝐼𝑁+
(𝑖)

𝜋−(𝑡)𝑗 𝑝𝑗𝑖
+ 𝜆2𝑁

𝑁∑
𝑗=1

𝜋−(𝑡)𝑗
(5)

Figure 3 is an example of trap. It shows that B only treats
C as a friend, and vice versa. If Alice visits B with a positive
emotion, she will only circulate between B and C forever. So
we must solve such trap problem.

We use hopping probability 𝛼 to solve the trap problem.
After visiting a node, Alice will jump to a random node with
probability 𝛼 nomatter what emotion she has.The correction
equations for updating 𝜋+ and 𝜋− are as follows:

𝜋+(𝑡+1)𝑖 = 𝛼( ∑
𝑗𝜖𝐼𝑁+
(𝑖)

𝜋+(𝑡)𝑗 𝑝𝑗𝑖 + (1 − 𝜆) ∑
𝑗𝜖𝐼𝑁−
(𝑖)

𝜋−(𝑡)𝑗 𝑝𝑗𝑖
+ 𝜆2𝑁

𝑁∑
𝑗=1

𝜋−(𝑡)𝑗 ) + 1 − 𝛼2𝑁
(6)

𝜋−(𝑡+1)𝑖 = 𝛼( ∑
𝑗𝜖𝐼𝑁−
(𝑖)

𝜋+(𝑡)𝑗 𝑝𝑗𝑖 + (1 − 𝜆) ∑
𝑗𝜖𝐼𝑁+
(𝑖)

𝜋−(𝑡)𝑗 𝑝𝑗𝑖
+ 𝜆2𝑁

𝑁∑
𝑗=1

𝜋−(𝑡)𝑗 ) + 1 − 𝛼2𝑁
(7)

Then we can use an iterative approach to update 𝜋+ and𝜋− until they converge.
3.2. Convergence Proof. In this section, we will prove the
convergence of (6) and (7). They can be rewritten as follows:

𝜋𝑡+1 = 𝜋𝑡𝑃 (8)

where 𝜋𝑡 is a vector expressed as 𝜋𝑡 = ⟨𝜋+(𝑡)1 , 𝜋+(𝑡)2 ⋅⋅ ⋅ 𝜋+(𝑡)𝑁 , 𝜋−(𝑡)1 , 𝜋−(𝑡)2 ⋅ ⋅ ⋅ 𝜋−(𝑡)𝑁 ⟩. In the above equation, P is
a probability matrix, and the calculation method of P is
provided as follows:

𝑃 = 𝛼𝑃0 + 1 − 𝛼2𝑁 (9)

P0 = (𝑃1 𝑃2𝑃3 𝑃4) (10)

𝑃1 = 𝐴+𝑖𝑗𝐴+𝑖 + 𝐴−𝑖 (11)

𝑃2 = (1 − 𝜆) 𝐴−𝑖𝑗𝐴+𝑖 + 𝐴−𝑖 + 𝜆2𝑁 (12)

𝑃3 = 𝐴−𝑖𝑗𝐴+𝑖 + 𝐴−𝑖 (13)

𝑃4 = (1 − 𝜆) 𝐴+𝑖𝑗𝐴+𝑖 + 𝐴−𝑖 + 𝜆2𝑁 (14)

where 𝐴+𝑖 represents the sum of row 𝑖 in 𝐴+ and 𝐴−𝑖
represents the sum of row 𝑖 in 𝐴−. We can figure out that the
sum of each row in 𝑃 is 1.

According to Markoff ’s convergence theorem [22], 𝜋 is
convergent.

3.3. SignRank Algorithm. We can calculate 𝜋 by adjacency
matrix operation according to previous equations. But it will
cost a lot of time and memory to process the sparse matrices.
So we will introduce a fast ranking algorithm referred to as
SignRank. The input of SignRank includes the following: the
positive edges set 𝐸+, the negative edges set 𝐸−, tiredness
probability 𝜆, the hopping probability 𝛼, the max iteration
time 𝐼𝑡𝑎𝑀𝑎𝑥, and the stop threshold 𝑡𝑜𝑙.

First, we initialize 𝜋+(0) and 𝜋−(0) with equal value
(line 1-3). Then, during each iteration, we do the following
operations.(1) Each positive edge is accessed, and scores of source
node are added to destination node (lines 5-8).(2) Each negative edge is accessed, and scores of source
node are added to destination node. It is worth noting that the
positive score of source node is added to the negative score of
destination node or vice versa (lines 9-12).(3) 𝜋+(𝑡+1) and 𝜋−(𝑡+1) are updated according to (6) and
(7) (lines 13-19).(4) Finally, we calculate the error tolerance 𝑒𝑟𝑟. If 𝑒𝑟𝑟 is
less than 𝑡𝑜𝑙, the algorithm is finished.

4. Experimental Results

4.1. Verifying. In the experiment, first we use a simple
example to verify the effectiveness of the algorithm; then we
compare our algorithm with some other ranking algorithms
to prove that SignRank is better.

An example of signed network is shown in Figure 4.There
are four nodes in the network, with node A being hostile to
nodes B andC, which are also hostile toA.On the other hand,
node D is friendly with B and C. Obviously, in the PageRank’s
view, the four nodes are the same. The result of SignRank is
shown in Figures 5, 6, and 7. In these three figures, the values
of tiredness probability 𝜆 are 0.9, 0.5, and 0, respectively.
Figures 5 and 6 reveal that the negative rank of node A is
significantly higher than its positive rank. It should be noted
that node A does not have any positive edge, but its positive
rank is not 0, because people who hate B and C may bring a
positive rank to A.

In Figure 7 we set 𝜆 = 0, which means that the walker
will never be tired and run away. In this case, our SignRank
degenerates into a PageRank algorithm. Positive and negative
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Figure 4: An illustration of signed network. The positive rela-
tionships are marked with red plus, and negative relationships are
marked with green minus sign.
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Figure 5: The positive and negative scores of four nodes according
to SignRank. The tired probability 𝜆 is set to 0.9, which means the
walker is very likely to leave the nodewhen he is in negative emotion.

signs will no longer have any influence on the ranking
algorithm. As a result, positive scores and negative scores of
all the nodes are equal.

4.2. Evaluation Method. It is very difficult to give a direct
proof that our ranking algorithm is better than other algo-
rithms, so we adopted an indirect method that has been
used by many researchers to prove the superiority of their
algorithm [7, 9, 19].Thismethod is to use the result of ranking
algorithm for sign prediction, and the quality of which can
be used to evaluate the ranking algorithm. Sign prediction
is an important field of the research on signed networks.
When there is an edge 𝑒𝑖𝑗 with an unknown sign in a signed
network, we predict the sign through the features of the edge.
In order to implement sign prediction, we use ranking score
to generate some features ⟨𝑅𝑒𝑝𝑖 , 𝑅𝑒𝑝𝑗, 𝑂𝑝𝑡𝑖, 𝑂𝑝𝑡𝑗⟩ [7] for edge𝑒𝑖𝑗. 𝑅𝑒𝑝 is the abbreviation of reputation, which represents
the popularity of nodes in the network. 𝑅𝑒𝑝𝑖 and 𝑅𝑒𝑝𝑗,
respectively, denote the reputation of the two endpoints of
edge 𝑒𝑖𝑗.𝑂𝑝𝑡 is the abbreviation of optimism,which quantifies
the pattern of voting a node in the network. 𝑂𝑝𝑡𝑖 and 𝑂𝑝𝑡𝑗,
respectively, represent the optimism of nodes 𝑖 and 𝑗. After
extracting features for each edge, a classification model can
be used for sign prediction.

Reputation and optimism can be calculated through the
ranking score 𝜋𝑖 of nodes.
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Figure 6: The positive and negative scores of four nodes according
to SignRank. The tired probability 𝜆 is set to 0.5.
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Figure 7: The positive and negative scores of four nodes according
to SignRank. The tired probability 𝜆 is set to 0, which means the
negative emotion will not affect the walker.

𝑅𝑒𝑝𝑖 = (∑𝑗𝜖𝐼𝑁+
(𝑖)
𝜋𝑗) − (∑𝑗𝜖𝐼𝑁−

(𝑖)
𝜋𝑗)

(∑𝑗𝜖𝐼𝑁+
(𝑖)
𝜋𝑗) + (∑𝑗𝜖𝐼𝑁−

(𝑖)
𝜋𝑗) (15)

𝐼𝑁+(𝑖) represents a set of nodes that have a positive edge
pointing to 𝑖, and 𝐼𝑁−(𝑖) represents a set of nodes that have a
negative edge to 𝑖.

𝑂𝑝𝑡𝑖 = (∑𝑗𝜖𝑂𝑈𝑇+
(𝑖)
𝜋𝑗) − (∑𝑗𝜖𝑂𝑈𝑇−

(𝑖)
𝜋𝑗)

(∑𝑗𝜖𝑂𝑈𝑇+
(𝑖)
𝜋𝑗) + (∑𝑗𝜖𝑂𝑈𝑇−

(𝑖)
𝜋𝑗) (16)

𝑂𝑈𝑇+(𝑖) represents a set of nodes pointed from i through
positive edges.

In this paper, we can measure a node with its positive and
negative scores, so we can extend rep to 𝑅𝑒𝑝+ and 𝑅𝑒𝑝−. They
can show popularity and unpopularity of the node. Their
calculating methods are as follows:

𝑅𝑒𝑝+𝑖 = (∑𝑗𝜖𝐼𝑁+
(𝑖)
𝜋+𝑗 ) − (∑𝑗𝜖𝐼𝑁−

(𝑖)
𝜋+𝑗 )

(∑𝑗𝜖𝐼𝑁+
(𝑖)
𝜋+𝑗 ) + (∑𝑗𝜖𝐼𝑁−(𝑖) 𝜋+𝑗 ) (17)
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Table 1: Datasets statistics.

Datasets Nodes Edges Edges+(%) Edges-(%)
Epinions 131828 841372 85.3 14.7
Slashdot 81867 545671 77.4 22.6
Wiki-RFA 11258 178096 78.3 21.7

𝑅𝑒𝑝−𝑖 = (∑𝑗𝜖𝐼𝑁+
(𝑖)
𝜋−𝑗 ) − (∑𝑗𝜖𝐼𝑁−

(𝑖)
𝜋−𝑗 )

(∑𝑗𝜖𝐼𝑁+
(𝑖)
𝜋−𝑗 ) + (∑𝑗𝜖𝐼𝑁−(𝑖) 𝜋−𝑗 ) (18)

Correspondingly, opt is extended to 𝑂𝑝𝑡+ and 𝑂𝑝𝑡−.
𝑂𝑝𝑡+𝑖 = (∑𝑗𝜖𝑂𝑈𝑇+

(𝑖)
𝜋+𝑗 ) − (∑𝑗𝜖𝑂𝑈𝑇−

(𝑖)
𝜋+𝑗 )

(∑𝑗𝜖𝑂𝑈𝑇+
(𝑖)
𝜋+𝑗 ) + (∑𝑗𝜖𝑂𝑈𝑇−(𝑖) 𝜋+𝑗 ) (19)

𝑂𝑝𝑡−𝑖 = (∑𝑗𝜖𝑂𝑈𝑇+
(𝑖)
𝜋−𝑗 ) − (∑𝑗𝜖𝑂𝑈𝑇−

(𝑖)
𝜋−𝑗 )

(∑𝑗𝜖𝑂𝑈𝑇+
(𝑖)
𝜋−𝑗 ) + (∑𝑗𝜖𝑂𝑈𝑇−(𝑖) 𝜋−𝑗 ) (20)

Therefore, in this paper, we generate eight features
denoted by vector v for each edge and then use logistic
regression for sign prediction.

4.3. Evaluation Metrics. We choose accuracy, recall, preci-
sion, and F1 to evaluate the quality of our method and
comparative methods. And their definitions are as follows:

(i) Accuracy is the proportion of correctly predicted
edges.

(ii) Recall is the proportion of correctly predicted edges
in actually positive edges.

(iii) Precision is the proportion of correctly predicted
edges in predicted positive edges.

(iv) F1 is the harmonic mean of precision and recall.

4.4. Comparative Methods. To study the performance of our
algorithm, we apply it in sign prediction and compare it with
ranking algorithms as follows.

(i) PageRank [5] is a page scoring algorithm proposed by
Google Larry Page. We calculate the PageRank value
for each node and consider that 𝜋+𝑖 = 𝜋−𝑖 .

(ii) Hits [6] is an algorithm for analyzing the link topol-
ogy of a web page. We use the authority value as the
score of a node and consider that 𝜋+𝑖 = 𝜋−𝑖 .

(iii) Modified PageRank [7] divides the signed network
into two subgraphs, 𝐺+ and 𝐺−. There are only
positive edges in 𝐺+ and only negative edges in 𝐺−.
It uses the PageRank algorithm to calculate the node
scores for 𝐺+ and 𝐺−, respectively.

(iv) TrollTrust [19] expresses the positive edge in the
signed network as trust and the negative edge as
distrust. The calculated 𝜋𝑖 represents the reliability of
node 𝑖.
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Figure 8: Accuracy, precision, recall, and f1 score of sign prediction
on Slashdot.

4.5. Experimental Results. In the experiment, we used three
signed network datasets described in Table 1. They can be
downloaded from http://snap.stanford.edu/data/.

Epinions: Epinions.com is a consumer review website
where members present their opinions toward each other,
and these opinions can be trusted or distrusted. Epinions
records these trust or distrust relationships.

Slashdot: slashdot.org is a technology-related news web-
site where users could tag each other as friend or foe. Slashdot
records these friend or foe relationships.

Wiki-RFA: Wikipedia is a free online encyclopedia. If a
Wikipedia editor wants to become an administrator, a request
for adminship (RfA) must be submitted. Any Wikipedia
member may cast a supporting, neutral, or opposing vote.
Wiki-RFA records these supporting or opposing relation-
ships.

We execute SignRank and comparison methods (PageR-
ank, Hits, MPR, and TrollTrust) on Slashdot, Epinions, and
Wiki-RFA datasets. Then we calculate features according to
(17), (18), (19), and (20) for each edge based on node scores. At
last, we train classifiers for sign prediction. Our experiments
use 10-fold cross-validation and all results are the average of
10 repeated calculations.

Figures 8, 9, and 10 show the performance comparison
of five algorithms on Slashdot, Epinions, and Wiki-RFA,
respectively. The prediction accuracies of SignRank on three
datasets are 91%, 97%, and 90%. It can be observed that
our algorithm has better accuracy on all datasets. At the
same time, SignRank is also the top performer of prediction
precision, which are 93%, 97%, and 90%, respectively. Our
recalls are a little lower than the comparison algorithms;
however, our f1 scores are better than them. When precision
and recall are opposed, f1 score would be the most important

http://snap.stanford.edu/data/
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Figure 9: Accuracy, precision, recall, and f1 score of sign prediction
on Epinions.
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Figure 10: Accuracy, precision, recall, and f1 score of sign prediction
on Wiki-RFA.

measure. Therefore, SignRank performs better in the sign
prediction.

5. Conclusions and Summary

This paper presents a novel random walk model for signed
network. It simulates the action of visiting online social
network websites with emotion. When the visitor feels
unhappy, he/she leaves. In this way, our model has a clear
semantic interpretation of the ranking score, which is the
steady probability of the walker visiting the node with emo-
tion. Furthermore, this paper presents an iterative algorithm
described in Algorithm 1 named SignRank to calculate such
probabilities for each node.We also apply ourmethod on sign
prediction, and the result shows our method performs better
than compared methods.

Data Availability

The datasets (Epinions, Slashdot, and Wiki-RFA) used to
support the findings of this study are open access and they
can be downloaded from http://snap.stanford.edu/data/.

Input: 𝐸+, 𝐸−, 𝜆, 𝛼, 𝐼𝑡𝑎𝑀𝑎𝑥, 𝑡𝑜𝑙
Output: 𝜋+,𝜋−

1 𝜋+(0) ← [ 12𝑁]
1×𝑁

;

2 𝜋−(0) ← [ 12𝑁]
1×𝑁

;
3 𝑡 ← 0;
4 while 𝑡 < 𝐼𝑡𝑒𝑟𝑀𝑎𝑥 do
5 for each 𝑒𝑖𝑗 in 𝐸+ do
6 𝜋+(𝑡+1)𝑗 ← 𝜋+(𝑡)𝑖𝑂𝑢𝑡𝑑𝑒𝑔𝑟𝑒𝑒𝑖 ;
7 𝜋−(𝑡+1)𝑗 ← 𝜋−(𝑡)𝑖𝑂𝑢𝑡𝑑𝑒𝑔𝑟𝑒𝑒𝑖 ∗ 𝜆 ;
8 end
9 for each 𝑒𝑖𝑗 in 𝐸− do
10 𝜋+(𝑡+1)𝑗 ← 𝜋−(𝑡)𝑖𝑂𝑢𝑡𝑑𝑒𝑔𝑟𝑒𝑒𝑖 ∗ 𝜆 ;
11 𝜋−(𝑡+1)𝑗 ← 𝜋+(𝑡)𝑖𝑂𝑢𝑡𝑑𝑒𝑔𝑟𝑒𝑒𝑖 ;
12 end

13 𝑠𝑢𝑚 ← (∑𝑁𝑖=1 𝜋−(𝑡)𝑖 ) ∗ 𝜆2𝑁 ;
14 for each 𝜋+(𝑡+1)𝑖 in 𝜋+(𝑡+1) do
15 𝜋+(𝑡+1)𝑖 ← (𝜋+(𝑡+1)𝑖 + 𝑠𝑢𝑚) ∗ 𝛼 + (1 − 𝛼)2𝑁 ;
16 end
17 for each 𝜋−(𝑡+1)𝑖 in 𝜋−(𝑡+1) do
18 𝜋−(𝑡+1)𝑖 ← (𝜋−(𝑡+1)𝑖 + 𝑠𝑢𝑚) ∗ 𝛼 + (1 − 𝛼)2𝑁 ;
19 end
20 𝑒𝑟𝑟 ← ∑𝜋+(𝑡+1) +∑𝜋−(𝑡+1) −∑𝜋+(𝑡) −∑𝜋−(𝑡) ;
21 if 𝑒𝑟𝑟 < 𝑁 ∗ 𝑡𝑜𝑙 then
22 return [𝜋+(𝑡+1) , 𝜋−(𝑡+1)];
23 end
24 end
25 return [𝜋+(𝑡+1) , 𝜋−(𝑡+1)]

Algorithm 1: SignRank algorithm.
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Online legal consultation plays an increasingly important role in the modern rule-of-law society. This study aims to understand
the intention of legal consultation of users with different language expressions and legal knowledge background. A critical issue
is a method through which users’ legal consultation data are classified and the feature of each category is extracted. Traditional
classification methods rely considerably on lexical and syntactic features and frequently require strict sentence formatting, which
eliminates substantial energy andmaynot be universally applicable.We aim to extract the patterns of users’ consultation on different
categories, which minimally depend on lexical, syntax, and sentence formatting. However, research in this area has rarely been
conducted in previous legal advisory service studies. In this study, a classification approach for multiclass users’ intention based
on pattern-oriented tensor decomposition and Bi-LSTM is proposed, and each user’s legal consulting statement is expressed as a
tensor. Moreover, we propose a pattern-oriented tensor decomposition method that can obtain a core tensor that approximates the
patterns of users’ consultation.These patterns can improve the accuracy of classifying users’ intention of legal consultation. We use
Bi-LSTM to automatically learn and optimize these patterns. Evidently, Bi-LSTM with a pattern-oriented tensor decomposition
layer performs better than a recurrent neural network only. Results show that our method is more accurate than the previous work,
and the factor matrix and core tensor calculated by the pattern-oriented tensor decomposition are interpretable.

1. Introduction

With the increase in demand for online legal consultation
[1], understanding the intention of different users for legal
consultation is a problem that must be solved [2]. Different
users have various language expressions and levels of legal
knowledge [3]; for example, User A inquired as follows: “He
sneaked into my house and stole three thousand dollars, how
to judge?”, and User B asked as follows: “Burglary $2500,
how many sentences and fines should be sentenced?” Users
A and B described burglary cases amounting to $3000.These
users expressed the same intention of legal consultation and
could be provided with the same category. Thus, a crucial
step to understand the users’ legal counseling intentions
is classifying users’ legal consulting statements. Traditional
intention classification methods extract sentence features,
which rely heavily on lexical and syntactic characteristics,

and generally require sentences to have a strict format. How-
ever, users’ legal advice data, such as colloquial, disordered,
and unprofessional data, are typically disorganized, thereby
resulting in numerous difficulties for traditional methods of
users’ intent classification.

In previous works, understanding users’ intent of legal
consultation has been rarely accomplished, especially classi-
fying users’ intent upon the colloquial, unprofessional, and
disordered irregular legal consultation dataset [4]. Figure 1
illustrates the framework of the intent classification model of
users’ legal consulting statements. Evidently, the problems to
be solved mainly include modeling and classifying user legal
consulting statements. Traditional intention classification
methods are dedicated to feature extraction at the lexical
and syntactic layers, and regular datasets with professional
knowledge background are typically required to achieve
high classification accuracy [5]. Obtaining these datasets
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Figure 1: Intent classification model for users’ legal consulting statements.

requires expert knowledge and consumes substantial human
engineering.

Definition 1 (the intention of the users’ legal consulting state-
ment). The intention of the users’ legal consulting statement
is category of consultation involved in it, such as process,
assistance, crimes, and judgments on legal cases.

Problem 2. We represent users’ legal consulting statement
as a tensor; the category of this statement is expressed in
the scalar 𝐿. Given the dataset of users’ legal consulting
statements Ω, Ω = {(𝜒(1), 𝐿(1)), (𝜒(2), 𝐿(2)), ⋅ ⋅ ⋅ , (𝜒(𝑁), 𝐿(𝑁))},
where𝜒(𝑛) represents the 𝑛th statement inΩ and𝐿(𝑛) indicates
corresponding categories of 𝜒(𝑛). Train a model 𝜙(𝜒), which
is used to classify and predict the category of a new legal
consulting statement 𝜒.

We define the intention of users’ legal consulting state-
ments as Definition 1. This article formalizes the problem of
understanding users’ legal intention as Problem 2.This study
proposes a new method for understanding users’ intention
of legal consultation. In terms of modeling methods for user
legal consulting statements, we propose a pattern-oriented
tensor decomposition method. We focus on extracting the
patterns of user legal consultation, rather than features in the
lexical and syntactical levels for different categories. These
patterns can be regarded as a kind of data structure and
are less dependent on vocabulary, grammar, and sentence
formatting than traditional intention classification methods.
The pattern-oriented tensor decomposition method is used
to extract structured information in a users’ legal consulting
statement, and the structured information approximates the
user legal consulting patterns. For example, we denote the
user legal consulting statement as the tensor 𝜒 and the user
consultation pattern derived by Bi-LSTM as ].Then, we use 𝜒
and ] as inputs of the pattern-oriented tensor decomposition

method and obtain a core tensor 𝜒, which is construed as
the structured information of tensor 𝜒 and approximated to
pattern ]. 𝜒 carries not only the vocabulary and syntax data
but also the structured information of 𝜒.

In terms of classification model optimization, this
study proposes a user legal consulting intent classification
method on the basis of Bi-LSTM and pattern-oriented
tensor decomposition. We use Bi-LSTM to automatically
learn and optimize users’ legal consultation patterns and
obtain patterns that are highly favorable for classifying
users’ legal consultation intention. Moreover, Bi-LSTM,
which passes the pattern-oriented tensor decomposition
layer, is more accurate in classifying users’ consultation
intent and more relaxed on the datasets than directly using
the users’ legal consulting statement tensor as the input
to Bi-LSTM. Furthermore, the core tensor obtained by
the pattern-oriented tensor decomposition method contains
structured information that approximates the legal consul-
tation patterns of different categories. Simultaneously, the
core tensor dimension is considerably lower than the original
one. The core tensor can be regarded as the main struc-
tured information of the original tensor for user intention
classification.

The main contributions of this study are summarized as
follows:

(i) This study proposes a new feature extraction model
for users’ legal consulting data. In contrast to the
traditional feature extraction method based on the
vocabulary and syntax, this study proposes a new
pattern-oriented tensor decomposition method,
which extracts the core tensor that represents
the main structured information of users’ legal
consultation data from the original tensor. The core
tensor is approximate to users’ consultation patterns
of different categories. The consultation patterns
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are beneficial to classifying users’ legal consultation
intentions. In particular, in comparison with the
original tensor, the core tensor obtained by the
pattern-oriented tensor decomposition method can
improve the accuracy of the Bi-LSTM classification
algorithm.

(ii) This study proposes a new intent classification approach
that combines Bi-LSTM with pattern-oriented ten-
sor decomposition method. In this study, we use
the pattern-oriented tensor decomposition layer to
extract core tensors from the original ones in accor-
dance with the user consultation patterns for each
category.We use Bi-LSTM to autonomously learn and
optimize these patterns. Then, we obtain legal consul-
tation patterns and core tensors, which are beneficial
to classifying users’ legal consultation intention. Our
proposed method depends less on lexical, syntactic,
and sentence formatting of datasets and is more uni-
versal than traditional intent classification schemes
that rely heavily on datasets.

(iii) This study proposes a new optimization method for
pattern-oriented tensors on the basis of Bi-LSTM. We
derive the partial derivative of the error function
for pattern tensors in Bi-LSTM in accordance with
pattern-oriented tensor decomposition method and
propagation equations of Bi-LSTM. Furthermore, we
use the hyperparameter optimization strategy in Bi-
LSTM to continuously update the value of pattern
tensors. This approach is conducted to guide various
training sample core tensors in improving the classi-
fication accuracy of the model.

This paper is organized as follows: Section 2 mainly
describes the research procedure on classifying texts in
the legal field in recent years and related works on intent
recognition. Section 3 mainly introduces related background
knowledge, such as several relevant methods, definitions, and
notations. Section 4 details themethod proposed in this study
for user legal advice intent, that is, Bi-LSTM with pattern-
oriented tensor decomposition method. Section 5 presents
the relevant comparison experiments and result analysis.

2. Related Work

In recent years, research on the understanding of user intent
based on deep neural networks and tensor layers in the
field of legal services has been rarely conducted. In the past
ten years, researchers have concentrated on investigating the
classification of legal related documents in the field of law
and computer intersection [6]. Text classification in the legal
field includes classification and understanding of legal cases,
judgment documents, entities involved in legal cases, and
laws and regulations.

In [7], Sulea, Zampieri, and Malmasi studied the applica-
tion of text classification in the legal field for professionals.
The authors proposed a method for predicting the judgment
of the Supreme Court in France on the basis of machine
learning algorithms and statistics and suggested an accurate
case-like case retrieval technique and weight fluctuation

algorithm for case influence over time. The SVM algorithm
was mainly used to complete the classification of relevant
documents in legal cases, and the judgment for the legal cases
was realized. In [8], Sarwar, Karim, and Naeem studied the
software copyright dispute between a user and a software
program owner through a semisupervised machine learning
algorithm; in addition, the authors predicted and judged
the software copyright dispute that may be violated by
the software after the user obtained the software license.
Copyright disputes in using software licenses are common
problems. After users obtain software licenses, they can use
the software for a period in accordance with software usage
rules.

In [9], Galgani and Hoffmann proposed a method for
classifying legal references through incremental knowledge
acquisition. This method can be automated to extract the
main objectives from the legal text summary. These authors
created considerable training and test corpora for legal
citation classification in the legal field of Australian court
judgment report, which is considered of high quality under
Australian law. A specialized legal knowledge base in the
field, which uses machine learning algorithms, is utilized to
classify legal references. In [10], Xiong studied the automatic
classification system in the field of Chinese legal texts.
For Chinese legal documents, traditional Chinese character
documents cannot be used to model Chinese legal docu-
ments. Otherwise, dimensional explosion and computational
complexity will heighten. Xiong proposed a legal document
clustering method on the basis of latent semantic analysis to
diminish the dimension of legal text features. In addition,
Xiong established a Chinese taxonomic automatic classifica-
tion system in accordance with the second dimensionality
reduction method based on the foundation of latent semantic
analysis.

In [11], Maat, Krabben, and Winkels used machine
learning algorithms to classify sentences in the Dutch legal
library and compared the results of the classification with
the legal sentence classification outcomes on the basis of
traditional pattern classifiers. The legal sentence classifier
based on machine learning algorithm has higher accuracy
than the pattern-based classifier given the accurate modeling
of legal sentences and feature extraction. In [12], Bartolini
proposed a management labeling system for Italian law. The
method aims to cluster the full text by representing redundant
long documents in the vector form and achieve document
classification. It uses the treaty and article as clustering units
and presents clustering experiment results in a tree diagram
form.

In the general text classification field, researchers have
conducted substantial research [13]. Traditional machine
learning algorithms and deep neural networks are used in
text classification. From the perspective of machine learning,
Nigam, McCallum, and Thrun improved the accuracy of
learning text classifiers by using considerable unlabeled doc-
uments to augment fewmarked documents [14].Thismethod
is necessary because obtaining text labels for text classifica-
tion is costly in practice. However, considerable unlabeled
documents are particularly easy to obtain. Their article
uses an EM-based approach to learn and mark unlabeled
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documents. The algorithm first uses a Bayesian classifier to
probabilistically mark unlabeled documents, followed by a
small amount. Subsequently, the system counts the expected
values of the tagged document, creates a tag classifier on
the basis of all documents, and iterates until it converges.
From the perspective of deep neural networks, Kim proposed
TextCNN that is based on convolutional neural networks
for text classification and prediction [15]. Donahue proposed
a structure based on recurrent neural networks for text
classification, that is, TextRNN [16]. Dzmitry proposed an
attention structure for deep neural networks. Attention layer
discovers the association between input and output by adding
weight parameters [17].

3. Preliminaries

In this section, we introduce several related methods, defini-
tions, and notations. Section 3.1 presents the basic definitions
and notations involved in this study. Section 3.2 provides a
detailed explanation of the tensor decomposition operation.

3.1. Definitions and Notations. In this study, we present
user legal consulting statements in tensors. The pattern-
oriented tensor decomposition method is used to decompose
these tensors, and the obtained core tensors are used in
the subsequent deep neural network classification model.
A tensor is a data structure similar to a vector or matrix
[18, 19]. Tensor decomposition is a dimensionality reduction
operation on the tensor [20, 21]. Similar to principal com-
ponent analysis and singular value decomposition methods,
tensor decomposition methods are devoted to extracting the
main structure and compositional information in the original
tensor [22, 23].

The tensor is actually a multidimensional array [24],
and we use the Euler script letters (𝜒) to represent the
tensor. We refer to the tensor dimension and number of
tensor dimension as modes and order, respectively [22].
Scalar, vector, and matrix are denoted in lowercase (𝑎), bold
lowercase (a), and uppercase letters (𝐴), correspondingly; the
transposition of matrix 𝐴 in 𝐴𝑇; and unit matrices in 𝐼. A
square matrix with elements of 1 is represented by 1.

Definition 3 (outer product). The outer product of two
vectors 𝑎 ∈ R𝐼 and 𝑏 ∈ R𝐽 is expressed as𝐴 = 𝑎∘𝑏,𝐴 ∈ R𝐼×𝐽,
that is,

𝐴 (𝑖, 𝑗) = 𝑎 (𝑖) 𝑏 (𝑗) . (1)

Definition 4 (Kronecker product). The Kronecker product of
two matrices 𝑃 ∈ R𝐼×𝐽 and 𝑄 ∈ R𝐾×𝐿 is denoted as 𝑃 ⊗ 𝑄,
which is an 𝐼𝐾 ⊗ 𝐽𝐿matrix.

𝑃 ⊗ 𝑄 = [[[[[[[

𝑃 (1, 1) 𝑄 𝑃 (1, 2)𝑄 ⋅ ⋅ ⋅ 𝑃 (1, 𝐽)𝑄𝑃 (2, 1) 𝑄 𝑃 (2, 2)𝑄 ⋅ ⋅ ⋅ 𝑃 (2, 𝐽)𝑄... ... d
...𝑃 (𝐼, 1)𝑄 𝑃 (𝐼, 2)𝑄 ⋅ ⋅ ⋅ 𝑃 (𝐼, 𝐽)𝑄

]]]]]]]
(2)

Definition 5 (Khatri-Rao product). The Khatri-Rao product
of 𝑝 ∈ R𝐼×𝑅 and 𝑄 ∈ R𝐽×𝑅 is denoted as 𝑃 ⊙ 𝑄, which is an𝐼𝐽 × 𝑅matrix, that is,

𝑃 ⊙ 𝑄 = [𝑃 (:, 1) ⊗ 𝑄 (:, 1) ⋅ ⋅ ⋅ 𝑃 (:, 𝑟)
⊗ 𝑄 (:, 𝑟) ⋅ ⋅ ⋅ 𝑃 (:, 𝑅) ⊗ 𝑄 (:, 𝑅)] . (3)

Definition 6 (𝑁-mode product). Given 𝑁-mode tensor 𝜒 ∈
R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 and matrix 𝐴 ∈ R𝐼𝑛×𝐽, the 𝑛-mode product is
denoted as 𝜅 = 𝜒×𝑛𝐴, 𝜅 ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑛−1×𝐽×𝐼𝑛+1×⋅⋅⋅×𝐼𝑁 , that is,

𝜅 (𝑖1, ⋅ ⋅ ⋅ , 𝑖𝑛−1, 𝑗, 𝑖𝑛+1, ⋅ ⋅ ⋅ , 𝑖𝑁)
= 𝐼𝑛∑
𝑚=1

𝜒 (𝑖1, ⋅ ⋅ ⋅ , 𝑖𝑛−1, 𝑚, 𝑖𝑛+1, ⋅ ⋅ ⋅ , 𝑖𝑁) 𝐴 (𝑚, 𝑗) . (4)

Definition 7 (𝑁-mode matricization). Given an 𝑁-mode
tensor 𝜒 ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 , the 𝑛-mode matricization of 𝜒 is
denoted as 𝜒𝑛 ∈ R𝐼𝑛×𝐼1⋅⋅⋅𝐼𝑛−1𝐼𝑛+1 ⋅⋅⋅𝐼𝑁 . The calculation method
aims to fix the 𝑛th mode and form the elements of other
modes into a long matrix.

Definition 8 (Frobenius norm of a tensor). Given an𝑁-mode
tensor 𝜒 ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 , the Frobenius norm of 𝜒 is denoted
as ‖𝜒‖𝐹, that is,

𝜒𝐹 = √ 𝐼1∑
𝑖1

⋅ ⋅ ⋅ 𝐼𝑁∑
𝑖𝑁

𝜒 (𝑖1, ⋅ ⋅ ⋅ , 𝑖𝑁)2. (5)

3.2. Tensor Decomposition. Tensor decomposition is a pro-
cess of approximating a tensor into a core tensor and several
factor matrices [25]. In Figure 2, given an𝑁-mode tensor 𝜒 ∈
R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 , the formal expression of tensor decomposition
on 𝜒 is

𝜒 ≈ 𝜁×1𝑈1×2𝑈2 × ⋅ ⋅ ⋅ ×𝑁𝑈𝑁 (6)

where {𝑈𝑛} is a set of factor matrices, 𝑈𝑛 ∈ R𝐽𝑛×𝐼𝑛 . The factor
matrices are all column orthogonal ones [19]. Furthermore, 𝜁
is the core tensor, 𝜁 ∈ R𝐽1×𝐽2×⋅⋅⋅×𝐽𝑁 . The tensor decomposition
methods minimize the objective function 𝜑 [26], where

𝜑 = 𝜒 − 𝜁
𝑁∏
𝑛

×𝑛𝑈𝑛𝐹 . (7)

4. Our Approach

This paper proposes Bi-LSTM with pattern-oriented tensor
decomposition method for intention classification of users’
legal consulting statements. In Section 4.1, the pattern-
oriented tensor decomposition method extracts the core
tensor 𝜒 from the original tensor 𝜒 under the guidance of
the pattern tensor ], in order to make 𝜒 approximate ]. In
Section 4.2, Bi-LSTM continually optimizes pattern tensor ]
so that 𝜒 carries a specific tensor structured and elemental
information in 𝜒. This information is most conducive to
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Figure 2: Framework of tensor decomposition.
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improving the accuracy of the intent classification model of
users’ legal consulting statements.

As shown in Figure 3, Bi-LSTM controls the process of
pattern-oriented tensor decomposition by optimizing pattern
tensor ]. Bi-LSTM continually optimizes pattern tensor ],
while core tensor 𝜒 continues to approach ] through the
pattern-oriented tensor decomposition method. Finally, ]
becomes the pattern tensor that can make the Bi-LSTM
model reach high accuracy, and 𝜒 is the core tensor that
is beneficial for improving the accuracy of the subsequent
classification model under the guidance of tensor pattern ].

4.1. Pattern-Oriented Tensor Decomposition Method. The
pattern-oriented tensor decomposition method decomposes
tensor 𝜒 into core tensor 𝜒 and factor matrices {𝑈𝑘} and

{𝐶𝑘}, thus making the core tensor 𝜒 approach the users’
legal consultation pattern ], that is, the core tensor 𝜒 and
the users’ legal consultation pattern ] demonstrate a simi-
lar tensor structure. The subsequent Bi-LSTM classification
model controls pattern-oriented tensor decomposition by
continuously optimizing the pattern tensor ]. This situation
implies that the core tensor 𝜒 is more advantageous than
users’ legal consultation data tensor 𝜒 in terms of enhancing
the accuracy in classifying users’ legal consultation intention.
Simultaneously, 𝜒 achieves the dimension reduction effect,
which considerably reduces the calculation time and space.

The framework of the pattern-oriented tensor decom-
position method is depicted in Figure 4. In this study,
the problems to be solved by the pattern-oriented tensor
decomposition method are defined as Problems 9 and 10.
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Figure 4: Framework of pattern-oriented tensor decomposition method.

Problem 9. Given a tensor 𝜒 ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝐾 and a pattern
tensor ] ∈ R𝐽1×𝐽2×⋅⋅⋅×𝐽𝐾 , find two factor matrix sets {𝐶𝑘} and{𝑈𝑘}, 𝐶𝑘 ∈ R𝐼𝑘×𝐻𝑘 , 𝑈𝑘 ∈ R𝐽𝑘×𝐻𝑘 , where {𝐶𝑘} and {𝑈𝑘} satisfy
Conditions 1 and 2 simultaneously.

Condition 1. The factor matrix sets {𝐶𝑘} and {𝑈𝑘} minimize
the following target function.

𝜙 = 𝜒
𝐾∏
𝑘

×𝑘𝐶𝑘 − ] 𝐾∏
𝑘

×𝑘𝑈𝑘𝐹 (8)

Condition 2. Factor matrices in {𝐶𝑘} and {𝑈𝑘} are orthogonal
matrices, that is, 𝐶𝑘𝐶𝑘𝑇 = 𝐼

𝐶𝑘𝑇𝐶𝑘 = 𝐼
𝑎𝑛𝑑 𝑈𝑘𝑈𝑘𝑇 = 𝐼

𝑈𝑘𝑇𝑈𝑘 = 𝐼.
(9)

Problem 10. Given tensor 𝜒 ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝐾 and two factor
matrix sets {𝐶𝑘} and {𝑈𝑘}, 𝐶𝑘 ∈ R𝐼𝑘×𝐻𝑘 , 𝑈𝑘 ∈ R𝐽𝑘×𝐻𝑘 , where{𝐶𝑘} and {𝑈𝑘} satisfy Conditions 1 and 2 simultaneously, find
a core tensor 𝜒, 𝜒 ∈ R𝐽1×𝐽2×⋅⋅⋅×𝐽𝐾 that minimizes the target
function 𝜓, where

𝜓 = 𝜒
𝐾∏
𝑘

×𝑘𝐶𝑘 − 𝜒 𝐾∏
𝑘

×𝑘𝑈𝑘𝐹 . (10)

In Problem 10, we can calculate the value of 𝜒 by setting
the partial differential of function 𝜓 with respect to 𝜒 to
0. The specific conclusion is presented in Theorem 12. In
Appendix A, Proof A.0.1 provides the proof of Lemma 11, and
Proof A.0.2 provides the solution of (11) in Theorem 12.

Lemma 11. Given that the Frobenius function 𝜂 = ‖(𝜒∏𝐾𝑘 ×
𝑘𝑈𝑘)∏𝐾𝑘 ×𝑘𝑈𝑘𝑇𝜒𝑇‖2𝐹, where 𝜒 ∈ R𝐽1×𝐽2×⋅⋅⋅×𝐽𝐾 , 𝑈𝑘 ∈ R𝐽𝑘×𝐻𝑘 ,
and 𝑈𝑘 satisfies (9), the partial differential of function 𝜂 to 𝜒
is 𝜀(𝜒∏𝐾𝑘 ×𝑘𝑈𝑘)∏𝐾𝑘 ×𝑘𝑈𝑘𝑇, where 𝜀 is a constant.
�eorem 12. Given {𝐶𝑘} and {𝑈𝑘} in Problem 9, we can obtain
the optimal solution of 𝜒 that minimizes the target function 𝜓
in Problem 10.

𝜒 = (𝜒 𝐾∏
𝑘

×𝑘𝐶𝑘) 𝐾∏
𝑘

×𝑘𝑈𝑘𝑇 (11)

The following part is the process of calculating the
sets of factor matrices {𝐶𝑘} and {𝑈𝑘} in Problem 9. Under
the constraint of Conditions 1 and 2, we can calculate the
optimal solution of function 𝜙 by using alternating least
squares (ALS), Lemma 13, Proof B.0.3, and Proof B.0.4. In
Appendix B, Proof B.0.3 elaborates the proof process of
Lemma 13, and Proof B.0.4 gives the solution of Problem 9.

Lemma 13. Given the function 𝛿 = 𝑡𝑟((𝜒∏𝐾𝑘 ×𝑘𝐶𝑘)𝑇(𝜒∏𝐾𝑘 ×
𝑘𝐶𝑘)), where𝜒 ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝐾 ,𝐶𝑘 ∈ R𝐼𝑘×𝐻𝑘 , and𝐶𝑘 satisfies (9),
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the partial differential of function 𝛿 to 𝐶𝑘0 , where 𝑘0 ∈ [1,𝐾],
is 𝜀(𝜒∏𝐾𝑘 ̸=𝑘0×𝑘𝐶𝑘)𝑇(𝜒∏𝐾𝑘 ×𝑘𝐶𝑘), where 𝜀 is a constant.

TheALS algorithmaims to use the partial derivative of the
remaining variable while fixing other variables and find the
value of the variable when the partial derivative is zero.Then,
the value is substituted for the original objective function.
Similarly, the values of other variables are calculated using
the same process. The ALS continuously iterates until the
calculation error is tolerable. The process of calculating the
optimal solution {𝐶𝑘} and {𝑈𝑘} that minimize target function
(8) under constraint Conditions 1 and 2 is demonstrated in
Proof B.0.4.

Algorithm 1 demonstrates the process of the pattern-
oriented tensor decomposition method. The present study
uses the ALS algorithm to optimize the parameters involved
in Algorithm 1. The input of Algorithm 1 is the tensor 𝜒 that
represents users’ legal consulting statement and the user legal
consultation pattern ], which is beneficial to classifying users’
legal consultation intention. The outputs of Algorithm 1 are
the core tensor 𝜒 and the corresponding factor matrices {𝐶𝑘}
and {𝑈𝑘}. In addition, 𝜒 can be interpreted as a feature map of
the original tensor 𝜒 in the space determined by core tensor
]. That is, the original users’ legal consulting statement is
mapped to the feature space that is beneficial for classifying
users’ legal consultation intention. Then, we can accurately
understand users’ legal consultation intention.

In Line 1 of Algorithm 1, we initialize the sets of factor
matrices related to the core tensor 𝜒. Then we use the
ALS algorithm to calculate the optimal solution of {𝐶𝑘} and{𝑈𝑘} that minimize the value of (8) under Condition 2.
Furthermore, 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑V𝑎𝑙𝑢𝑒 in Line 2 represents the value of
number of iterations we set for the ALS algorithm. Function𝑡𝑟𝑎𝑛𝑠𝑓𝑢𝑛 in Line 4 embodies the calculation process of
(B.3) in Proof B.0.4 of Appendix B. Line 5 completes the
SVD decomposition of the transition variable 𝐺𝑘0 , which
corresponds to (B.4) in Proof B.0.4 of Appendix B. Moreover,
Line 6 presents themethod for calculating𝐶𝑘0 thatminimizes
(8) while fixing {𝐶𝑘} where 𝑘 ̸= 𝑘0 and {𝑈𝑘}. Similarly, Line
8 to Line 11 demonstrate the process of calculating 𝑈𝑘0 to
minimize (8) while fixing {𝑈𝑘} where 𝑘 ̸= 𝑘0 and {𝐶𝑘}. In
Line 14, function 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 represents the calculation of 𝜒
which is the core tensor of users’ legal consulting statement𝜒. 𝜒 is interpreted as a result of the tensor decomposition of𝜒 directed to users’ legal consultation pattern ].

4.2. Optimization Method of Users’ Legal Consulting Pattern.
In this study, we use the Bi-LSTM [27] to optimize users’
legal consultation pattern ] and ensure that the final cal-
culated ] is a favorable users’ legal consultation pattern for
the classification model of users’ legal consulting intention.
Notably, the optimization function of Bi-LSTM is Rmsprop.
The following section presents the training process of Bi-
LSTM using Rmsprop as its optimization function:

(i) Weuse the initial user legal consultation pattern ] and
the core tensor set {𝜒(𝑛)} which represents user’s legal
consulting statements as the input of Bi-LSTM. Each

core tensor𝜒(𝑛) in the core tensor set {𝜒(𝑛)} is the result
of the pattern-oriented tensor decomposition method
while using the corresponding original tensor 𝜒(𝑛)
and the user legal consultation pattern ] as the input.𝜒(𝑛) approaches the user legal consultation pattern ]
on the layer of tensor structure.

(ii) In this study, the output {ℎ(𝑛)
𝑑
} of Bi-LSTM is used as

the input of the softmax layer to realize the mapping
of output vectors to categories {𝐿(𝑛)} of users’ legal
consulting statement {𝜒(𝑛)}, and 𝑑 is the number of
hidden layers. Moreover, the cross entropy is used as
the loss function 𝐿𝑜𝑠𝑠𝐹 for calculating the error.

(iii) By propagating the forward and reverse between
LSTM units, using the formulas of the error back-
propagation in Bi-LSTM over time, and the error
inverse propagation between the hidden layers of Bi-
LSTM, we calculate the partial derivative of the loss
function 𝐿𝑜𝑠𝑠𝐹 with respect to the weight matrix{𝑤𝑑}, the bias term {𝑏𝑑}, and the users’ legal consult-
ing pattern ], that is, 𝜕𝐿𝑜𝑠𝑠𝐹/𝜕𝑤𝑑, 𝜕𝐿𝑜𝑠𝑠𝐹/𝜕𝑏𝑑, and𝜕𝐿𝑜𝑠𝑠𝐹/𝜕], correspondingly.

(iv) The Rmsprop optimization function is used to
continuously optimize and iterate the abovemen-
tioned parameters {𝑤𝑑},{𝑏𝑑}, and ] using the value
of 𝜕𝐿𝑜𝑠𝑠𝐹/𝜕𝑤𝑑, 𝜕𝐿𝑜𝑠𝑠𝐹/𝜕𝑏𝑑, and 𝜕𝐿𝑜𝑠𝑠𝐹/𝜕], corre-
spondingly. Finally we obtain the value of the weight
matrix {𝑤𝑑}, bias term {𝑏𝑑}, and users’ legal con-
sultation pattern ]. These parameters are favorable
for users’ legal consultation intention classification
model based on Bi-LSTM.

4.2.1. Method for Calculating the Partial Derivative of 𝐿𝑜𝑠𝑠𝐹
to ]. This study proposes a method for solving the partial
derivative of the loss function 𝑙𝑜𝑠𝑠𝐹 with respect to users’
legal counseling pattern ]. Directly calculating the partial
derivative of 𝑙𝑜𝑠𝑠𝐹 to ] is difficult. However, we can indirectly
determine the partial derivative of the loss function 𝑙𝑜𝑠𝑠𝐹 on
users’ legal consultation pattern 𝑛𝑢 by using the total and
indirect derivative rules.

In this study, we use tensor 𝜒 which represents users’
legal consulting statement, the factor matrices {𝐶𝑘} and{𝑈𝑘}, and the core tensor 𝜒 which approaches users’ legal
consultation pattern ] on the layer of tensor structure as
transition variables. 𝜒, {𝐶𝑘}, and {𝑈𝑘} are calculated through
the pattern-oriented tensor decomposition method with 𝜒
and ] as its inputs.The transition variables𝜒,𝜒, {𝐶𝑘}, and {𝑈𝑘}
transform the derivative problem 𝜕𝑙𝑜𝑠𝑠𝐹/𝜕] into the Sylvester
problem, we use the Hessenberg-Schur algorithm to solve the
Sylvester matrix equation, and finally the partial derivative
of loss function 𝑙𝑜𝑠𝑠𝐹 with respect to users’ legal consulting
pattern ] is obtained.

Lemma 14. Given tensors {𝜒(𝑛)} which represent users’ legal
consulting statements, users’ legal consultation pattern ], and
the corresponding factor matrices {𝐶(𝑛)

𝑘
}, {𝑈(𝑛)
𝑘
} and the core

tensors {𝜒(𝑛)} which are obtained through the pattern-oriented
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Input: Tensor 𝜒 which represents users’ legal consulting statement, 𝜒 ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝐾 , and tensor ] which is users’ legal
consultation pattern, ] ∈ R𝐽1×𝐽2×⋅⋅⋅×𝐽𝐾 .

Output:The core tensor 𝜒 which is close to users’ legal consultation pattern ] in the layer of the tensor structure,𝜒 ∈ R𝐽1×𝐽2×⋅⋅⋅×𝐽𝐾 , and its corresponding factor matrices {𝐶𝑘} and {𝑈𝑘}, 𝐶𝑘 ∈ R𝐼𝑘×𝐻𝑘 ,𝐻𝑘 ∈ R𝐽𝑘×𝐻𝑘 .
1 Initialize factor matrices {𝐶𝑘} and {𝑈𝑘};
2 for 𝑖 = 1 to thresholdvalue do
3 for 𝑘0 = 1 to𝐾 do
4 𝐺𝑘0 = 𝑡𝑟𝑎𝑛𝑠𝑓𝑢𝑛(𝜒, ], {𝐶𝑘}, {𝑈𝑘}, 𝑘0);
5 𝑃𝑘0 , 𝑆𝑘0 , 𝑄𝑘0 = 𝑆𝑉𝐷(𝐺𝑘0 );
6 𝐶𝑘0 = 𝑃𝑘0𝑄𝑘0𝑇;
7 end
8 for 𝑘0 = 1 to𝐾 do
9 𝐺𝑘0 = 𝑡𝑟𝑎𝑛𝑠𝑓𝑢𝑛(𝜒, ], {𝑈𝑘}, {𝐶𝑘}, 𝑘0);
10 𝑃𝑘0 , 𝑆𝑘0 , 𝑄𝑘0 = 𝑆𝑉𝐷(𝐺𝑘0);
11 𝑈𝑘0 = 𝑃𝑘0𝑄𝑘0𝑇;
12 end
13 end
14 𝜒 = 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒(𝜒, {𝐶𝑘}, {𝑈𝑘});
15 return 𝜒, {𝐶𝑘}, {𝑈𝑘};

Algorithm 1: Pattern-oriented tensor decomposition method.

tensor decomposition method with {𝜒(𝑛)} and ] as its inputs,
the partial derivative of loss function 𝑙𝑜𝑠𝑠𝐹 with respect to the
users’ legal consulting pattern ] is obtained using

𝜕𝑙𝑜𝑠𝑠𝐹𝜕] = 𝑁∑
𝑛

(𝑙𝑜𝑠𝑠𝐹𝜒(𝑛) ∗ 𝑐𝑎𝑙𝑥(𝑛)] ) (12)

where 𝑙𝑜𝑠𝑠𝐹𝜒(𝑛) = 𝜕𝑙𝑜𝑠s𝐹/𝜕𝜒(𝑛) and 𝑐𝑎𝑙𝑥(𝑛)] =
∑𝐾𝑘 𝑓𝑢𝑛𝐶(𝐶(𝑛)𝑘 )V + ∑𝐾𝑘 𝑓𝑢𝑛𝑈(𝑈(𝑛)𝑘 𝑇)V. Functions 𝑓𝑢𝑛𝐶(𝐶(𝑛)𝑘 )V
and 𝑓𝑢𝑛𝑈(𝑈(𝑛)𝑘 𝑇)V meet the following limitations.

𝑓𝑢𝑛𝐶(𝐶(𝑛)𝑘 )V = 𝜒(𝑛)
×𝑘 𝜕𝐶(𝑛)𝑘𝜕]

𝐾∏
𝑘1 ̸=𝑘

×𝑘1𝐶(𝑛)𝑘1 𝐾∏
𝑘2

×𝑘2𝑈(𝑛)𝑘2 𝑇 (13)

𝑓𝑢𝑛𝑈(𝑈(𝑛)𝑘 𝑇)V = 𝜒(𝑛)
𝐾∏
𝑘2

×𝑘2𝐶(𝑛)𝑘2
×𝑘 𝜕𝑈(𝑛)𝑘

𝑇

𝜕]
𝐾∏
𝑘1 ̸=𝑘

×𝑘1𝑈(𝑛)𝑘1 𝑇
(14)

Proof C.0.5 in Appendix C elucidates the proof
of Lemma 14. Using (B.2), (B.3), and (B.4) in Proof
B.0.4 of Appendix B, we can obtain 𝜕𝐺(𝑛)

𝑘
/𝜕] = (𝜒(𝑛)∏𝐾𝑘1 ̸=𝑘×

𝑘1
𝐶(𝑛)
𝑘1
)𝑘(I∏𝐾𝑘2×𝑘2𝑈(𝑛)𝑘2 𝑇)𝑘 and 𝐺(𝑛)𝑘 = 𝐶(𝑛)

𝑘
𝐺(𝑛)
𝑘

𝑇𝐶(𝑛)
𝑘
, I is the

identity tensor, I ∈ R𝐽1×𝐽2×⋅⋅⋅𝐽𝐾 . The next part is the method
for solving 𝜕𝐶(𝑛)

𝑘
/𝜕]. 𝜕𝑈(𝑛)

𝑘

𝑇/𝜕] and 𝜕𝐶(𝑛)
𝑘
/𝜕] are calculated

similarly. We determine the partial derivative of ] on
both sides of the abovementioned equation and obtain that𝜕𝐺(𝑛)
𝑘
/𝜕] − 𝐶(𝑛)

𝑘
(𝜕𝐺(𝑛)
𝑘

𝑇/𝜕])𝐶(𝑛)
𝑘

= (𝜕𝐶(𝑛)
𝑘
/𝜕])𝐺(𝑛)𝑇

𝑘
𝐶(𝑛)
𝑘
+

𝐶(𝑛)
𝑘
𝐺(𝑛)𝑇
𝑘
(𝜕𝐶(𝑛)
𝑘
/𝜕]), which is the classic Sylvester equation

and can be calculated using the Hessenberg-Schur algorithm.
Algorithm 2 demonstrates the optimization method for

users’ legal consulting pattern in this study. In Line 2,𝑚𝑎𝑥 𝑖𝑡𝑒𝑟 represents the training times of the Bi-LSTM used.
Lines 4 to 12 are the training steps for the Bi-LSTMmodel. In
Line 6, 𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒 represents the number of samples per small
batch training. Function𝑇𝑃𝑇𝐷 in Line 7 denotes the pattern-
oriented tensor decomposition method. Line 8 presents
the forward propagation process in Bi-LSTM on forward
and backward layers. Line 9 elucidates the backpropagation
process of errors over time and neural network layers in
Bi-LSTM. We use Rmsprop in Line 11 as an optimization
function to optimize the parameters in Bi-LSTM.

4.2.2. Loss Function 𝐿𝑜𝑠𝑠𝐹 and Softmax Layer. In Algo-
rithm 2, we use function 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 to calculate the probability
that 𝜒(𝑛) belongs to each category. For intent classification of
users’ legal consulting statements, the function above is
defined as follows.

Definition 15. Given a set of users’ legal consulting state-
ment samples and their corresponding outputs of Bi-LSTM{(𝜒(𝑛), 𝑌(𝑛)1 )}, the probability that𝜒(𝑛) belongs to each category
is calculated using

𝐿(𝑛)1𝑞 = 𝑠𝑜𝑓𝑡max (𝑌(𝑛)1 ) = 𝑒𝑌(𝑛)1𝑞∑𝑄𝑟 𝑒𝑌(𝑛)1𝑟 (15)

where 𝐿(𝑛)1𝑞 represents the 𝑞th element of 𝐿(𝑛)1 .
In this study, the cross entropy is used as the loss function𝑙𝑜𝑠𝑠𝐹 to calculate the error of Bi-LSTM. We define 𝑙𝑜𝑠𝑠𝐹 as

follows.
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Input: {(𝜒(𝑛), 𝐿(𝑛))}, where 𝜒(𝑛) is the user’s legal consulting statement and 𝐿(𝑛) represents category that corresponds to𝜒(𝑛), and the size of ], {𝑤𝑓}, {𝑤𝑖}, {𝑤𝑜}, {𝑤𝑐}, {𝑏𝑓}, {𝑏𝑖}, {𝑏𝑜} and {𝑏𝑐}, where𝑤𝑓 = [𝑤𝑓ℎ, 𝑤𝑓𝑥], 𝑤𝑖 = [𝑤𝑖ℎ, 𝑤𝑖𝑥],𝑤𝑜 = [𝑤𝑜ℎ, 𝑤𝑜𝑥] and 𝑤𝑐 = [𝑤𝑐ℎ, 𝑤𝑐𝑥]
Output: The optimal users’ legal consultation pattern ], parameters of Bi-LSTM {𝑤𝑓}, {𝑤𝑖}, {𝑤𝑜}, {𝑤𝑐}, {𝑏𝑓}, {𝑏𝑖}, {𝑏𝑜}

and {𝑏𝑐}.
1 Initialize users’ legal consultation pattern ], parameters of Bi-LSTM {𝑤𝑓}, {𝑤𝑖}, {𝑤𝑜}, {𝑤𝑐}, {𝑏𝑓}, {𝑏𝑖}, {𝑏𝑜} and {𝑏𝑐};
2 for 𝑖𝑡𝑒𝑟 = 1 to𝑚𝑎𝑥 𝑖𝑡𝑒𝑟 do
3 Set 𝑏𝑎𝑡𝑐ℎ 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 to zero;
4 while 𝑏𝑎𝑡𝑐ℎ 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 ⩽ 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 𝑠𝑖𝑧𝑒 do
5 Set 𝜕𝑙𝑜𝑠𝑠𝐹/𝜕], {𝜕𝑙𝑜𝑠𝑠𝐹/𝜕𝑤𝑓}, {𝜕𝑙𝑜𝑠𝑠𝐹/𝜕𝑤𝑖}, {𝜕𝑙𝑜𝑠𝑠𝐹/𝜕𝑤𝑜}, {𝜕𝑙𝑜𝑠𝑠𝐹/𝜕𝑤𝑐}, {𝜕𝑙𝑜𝑠𝑠𝐹/𝜕𝑏𝑓}, {𝜕𝑙𝑜𝑠𝑠𝐹/𝜕𝑏𝑖},{𝜕𝑙𝑜𝑠𝑠𝐹/𝜕𝑏𝑜}, {𝜕𝑙𝑜s𝑠𝐹/𝜕𝑏𝑐} to zero;
6 for 𝑖 = 𝑏𝑎𝑡𝑐ℎ 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 to (𝑏𝑎𝑡𝑐ℎ 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 + 𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒) do
7 𝜒(𝑖), {𝐶𝑘}, {𝑈𝑘} = 𝑇𝑃𝑇𝐷(𝜒(𝑖), ]);
8 𝐿(𝑖)1 = 𝐵𝑖 𝐿𝑆𝑇𝑀 𝑓𝑜𝑟𝑤𝑎𝑟𝑑𝑝𝑟𝑜𝑝(𝜒(𝑖), {𝑤𝑓}, {𝑤𝑖}, {𝑤𝑜}, {𝑤𝑐}, {𝑏𝑓}, {𝑏𝑖}, {𝑏𝑜}, {𝑏𝑐});
9 𝜕𝑙𝑜𝑠𝑠𝐹𝜕] , { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑤𝑓 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑤𝑖 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑤𝑜 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑤𝑐 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑏𝑓 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑏𝑖 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑏𝑜 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑏𝑐 }+ =𝐵𝑖 𝐿𝑆𝑇𝑀 𝑏𝑎𝑐𝑘𝑝𝑟𝑜𝑝(𝜒(𝑖), 𝐿(𝑖)1 , 𝐿(𝑖) , ], {𝑤𝑓}, {𝑤𝑖}, {𝑤𝑜}, {w𝑐}, {𝑏𝑓}, {𝑏𝑖}, {𝑏𝑜}, {𝑏𝑐});
10 end
11 ], {𝑤𝑓}, {𝑤𝑖}, {𝑤𝑜}, {𝑤𝑐}, {𝑏𝑓}, {𝑏𝑖}, {𝑏𝑜}, {𝑏𝑐} = 𝑅𝑚𝑠𝑝𝑟𝑜𝑝(], {𝑤𝑓}, {𝑤𝑖}, {𝑤𝑜}, {𝑤𝑐},{𝑏𝑓}, {𝑏𝑖},{𝑏𝑜}, {𝑏𝑐}, 𝜕𝑙𝑜𝑠𝑠𝐹𝜕] , { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑤𝑓 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑤𝑖 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑤𝑜 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑤𝑐 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑏𝑓 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑏𝑖 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑏𝑜 }, { 𝜕𝑙𝑜𝑠𝑠𝐹𝜕𝑏𝑐 });
12 end
13 end
14 return ], {𝑤𝑓}, {𝑤𝑖}, {𝑤𝑜}, {𝑤𝑐}, {𝑏𝑓}, {𝑏𝑖}, {𝑏𝑜} and {𝑏𝑐};

Algorithm 2: Optimization method of users’ legal consulting pattern.

Definition 16. Given a set of users’ legal consulting statement
samples and their corresponding categories {(𝜒(𝑛), 𝐿(𝑛))}. The
estimated category of 𝜒(𝑛) is 𝐿(𝑛)1 , which is calculated using
Bi-LSTM; then

𝑙𝑜𝑠𝑠𝐹 ({𝐿(𝑛)} , {𝐿(𝑛)1 }) = 𝑁∑
𝑛

𝑄∑
𝑞

𝐿(𝑛)𝑞 log 𝐿(𝑛)1𝑞 (16)

where 𝑁 represents the number of samples of users’ legal
consulting statements. 𝑞 denotes the dimension of 𝐿(𝑛) and𝐿(𝑛)1 , that is, the number of categories.

5. Empirical Results

We provide the results of the deep learning model with
pattern-oriented tensor decomposition proposed in this
study on actual datasets. The experiment verifies that the
Bi-LSTMmodel with pattern-oriented tensor decomposition
can accurately classify and understand users’ legal consulting
sentences and intentions comprehensively. Bi-LSTM with a
pattern-oriented tensor decomposition layer ismore efficient,
interpretable, and instructive than traditional recurrent neu-
ral networks.

5.1. Data Description. The data used in this study are mainly
online users’ legal consulting statements. Our main data
sources include the China Legal Business Consulting website
and various public legal consulting service platforms at the
local level. In this study, approximately 150,000 legal consul-
tations are obtained from all over China from 2008 to 2018.

These data have beenmanually labeled under the professional
legal background and divided into 28 categories, including
various common legal disputes, such as divorce and contract
disputes, property transfer, and loan compensation.

Moreover, this study conducts a rigorous statistical anal-
ysis of the collected datasets and discovers certain interesting
data. From 2008 to 2018, the public online legal advice
issues are mainly concentrated on labor and personnel, civil,
contract, and property disputes; marriage relationship; and
creditor’s rights debt.

Figure 5(a) displays the distribution of different categories
of partial users’ legal consulting statements. Evidently, the
legal disputes that people aim to solve through online legal
consultation have evident tendencies, mainly in the civil
aspects, such asmarriage and loandisputes and property divi-
sion. By contrast, major or extraordinarily serious criminal
offenses are extremely rare.

5.2. Baseline Approaches. In order to understand the intent
of users’ legal consulting statements, we proposed Bi-LSTM
with pattern-oriented tensor decomposition method. How-
ever, in previous studies, research on the understanding of
users’ legal consulting intention using deep neural networks
and tensors has been rarely mentioned. We establish the
experimental comparison works of this study on the follow-
ing basic points:

(i) From the perspective of deep neural networks, we use
the latest neural networks for comparison with Bi-
LSTM, including TextCNN [15] and TextCNN atten-
tion [17] which are based on convolutional neural
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Figure 5: Statistics on dataset of users’ legal consulting statements.

networks [28], TextRNN [16] and TextRNN attention
[17] which are based on recurrent neural networks,
and LSTM, GRU [29], Bi-GRU [30].

(ii) From the perspective of the tensor decomposition
layer, we use common tensor decomposition algo-
rithms for comparison with pattern-oriented tensor
decomposition method, including Tucker and CP
tensor decomposition algorithms.

Through the first point above, we show the performance
of Bi-LSTM relative to other deep neural networks on
intention classification of users’ legal consulting statements.
Through the second point above, we show the superiority of
pattern-oriented tensor decomposition method compared to
other unsupervised tensor decomposition algorithms.

5.3. Feature Extraction. In this study, numerous preprocess-
ing operations are performed on the obtained users’ legal
consulting statements. The preprocessing operation can be
divided into two main steps:

(i) Module definition of users’ legal consulting state-
ment. In this study, each users’ legal consulting state-
ment is represented as a three-dimensional tensor.
We divide user’s legal consultation into five modules,
namely, subject, object, motivation, behavior, and
consequences of consultation. Each module contains
multiple vocabularies and is represented by a matrix
of predetermined dimensions.Thevertical dimension
of the matrix demonstrates vocabularies contained in
the module, and the horizontal dimension demon-
strates embedding vectors of these vocabularies.

(ii) Quantitative representation of users’ legal consult-
ing statement. This study first performs word seg-
mentation on users’ legal consulting statements and
remove Chinese punctuation marks, stop words,

redundant vocabularies, and other basic operations
because the data collected are all Chinese users’
legal consulting statements. Furthermore, this study
divides each users’ consulting statement in the dataset
into five modules in accordance with the previous
step. This study represents the vocabularies in users’
legal consulting statements in embeddings, that is,
word-embedding operation. On this basis, this study
instantiates each module of users’ legal consulting
statement, vectorizes each vocabulary, and represents
each user’s legal consulting statement in tensor.

The users’ legal consulting statement is represented by a
three-dimensional tensor. In Figure 6, the first dimension of
the tensor represents modules in the statement. The second
dimension represents meaningful vocabulary contained in
each module. The vocabularies are derived from the original
statement through removing redundant, meaningless, and
repeated words. The third dimension represents the word
embedding corresponding to each word.

We divide each user’s legal consulting statement into five
modules, namely, subject, object, motivation, behavior, and
consequences of consultation. Each module in the users’
consulting statement exhibits multiple entity objects. For
example, in the users’ legal consulting statement: “XiaoWang
repeatedly threatened mewith a knife and tookmemore than
30,000 yuan. What crime should he sue?”, the subjects of
the consultation module are “me” and “Xiao Wang”. Then,
the object of the consultation module is “30,000 yuan”. The
motivation, behavior, and consequence of the counseling
module correspond to “crime”, “threatened”, and “knife”.

The word vector generation model is trained under large
Chinese corpus. The Chinese Wikipedia and news from
multiple websites, such as Tencent, Sohu, and Sogou, are used
as corpora for Chinese word vector training [31].Then we use
the word2vec tool proposed by Google to train Chinese word
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Figure 6: Tensor representation of users’ legal consulting statements.

vectors [32]. Word2vec converts one-hot vectors in corpus
into low-dimensional dense vectors. The word-embedding
operations ensure that users’ legal consulting statements can
be processed using the Bi-LSTMmodel with pattern-oriented
tensor decomposition presented in this study [33]. We fix
users’ legal consulting statements to the same length because
tensors representing them must have the same dimensions.

The length of the users’ legal consulting statement in
the database is illustrated in Figure 5(b). Evidently, the
number of vocabularies for most users’ consulting statements
is between 15 and 500, except for a particularly small number
of users’ legal consulting statements in which the number
of vocabularies is higher than 2000 or less than 10. In this
study, we set a vocabulary baseline and run users’ legal con-
sulting statements with more vocabularies than the baseline.
Then, we fill in users’ legal consulting statements with fewer
vocabularies than the baseline.

5.4. Parameter Adjustment and Experimental Settings. We
have implemented a tensor representation of each user’s legal
consulting statement in the database on the basis of the
abovementioned operations. This study uses a TensorFlow
development kit to complete the programming of the pro-
posed method. Then, the parameters of the Bi-LSTM model
with the pattern-oriented tensor decomposition method
proposed in this study are set.

In contrast to the traditional deep neural network algo-
rithms, the important parameters involved in this model
include the size of batches while training the neural network
and number of layers, neurons in each layer, and iterations
of the overall neural network algorithm. Furthermore, these
parameters contain users’ legal consultation pattern ]. The
setting of users’ legal consultation pattern ] seriously affects
the convergence speed and accuracy of the model. Our
experiments show that the classification accuracy of users’
legal consulting statement is difficult to increase when the
structure of users’ legal consultation pattern ] is single; that
is, column vectors in ] exhibit a linear relationship.

For all neural networks involved in the experiments of
this article, including TextCNN, TextCNN attention, Tex-
tRNN, TextRNN attention, LSTM, Bi-LSTM, GRU, and Bi-
GRU mentioned in Section 5.2, we trained each of them for

10 epochs with a batch size of 60, a hidden layer size of 512,
a hidden layer number of 3, and a learning rate of 0.001.
We use the TensorFlow development kit to implement neural
networks and use Graphics Processing Unit (GPU) to run
programs for a fast computing speed.

5.5. Experimental Results and Analysis. We provide experi-
ments on the baseline in Section 5.2 and our approach for
intention classification of users’ legal consulting statements
in this section. Simultaneously, we provide a detailed expla-
nation of the superiority of Bi-LSTM and the necessity of
pattern-oriented tensor decomposition.

Figure 7 indicates that neural networks with tensor
decomposition layer converge faster and have higher accu-
racy than that without it. In fact, this phenomenon is
determined by the characteristics of tensor decomposition
methods. Tensor decomposition algorithms extract the main
structure and element information from the original tensor,
while removing redundant information which has strong
logical correlation. That is, tensor decomposition weakens
the influence of vocabularies with weak relevance to the
intention of users’ legal consulting statements on the classi-
fication model and enhances the influence of strong related
vocabularies on it. Moreover, the tensor decomposition
layer reduces the dimension of original tensors. This greatly
reduces the computational complexity of subsequent deep
neural networks. Therefore, the tensor decomposition layer
makes neural networks converge faster and achieve higher
accuracy.

As can be seen from the pink and cyan curves in Figure 7,
Tucker and CP tensor decomposition have basically the same
optimization effect on neural networks. This is because CP
decomposition is a special case of Tucker decomposition.
Tucker tensor decomposition is actually a high-order singular
value decomposition (SVD). Tucker decomposition uses the
SVD algorithm to iteratively extract the main components of
each mode in the original tensor and finally figures out a core
tensor and its corresponding factormatrix set.When the core
tensor is a diagonal tensor, Tucker decomposition evolves
into CP decomposition. Core tensors obtained by Tucker and
CP decomposition are weakly interpretable. These methods
are all unsupervised tensor decomposition methods. For
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(b) Experimental results of algorithms based on Bi-LSTM
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Figure 7: Experiments on Bi-LSTM and other neural networks.

neural network algorithms, Tucker and CP decomposition
are not steerable and autonomous learning.

According to the red curves in Figure 7, we can see that
the pattern-oriented tensor decomposition layer optimizes
neural networks much more than Tucker and CP decompo-
sition. It allows neural network algorithms to converge faster
while achieving higher accuracy. The pattern-oriented tensor
decomposition algorithm controls the tensor decomposition
process through pattern tensors. This algorithm makes the
core tensor extracted from the original one approximate the
pattern tensor on tensor structure and elements informa-
tion. On this basis, neural network classification algorithms
affect the process of tensor decomposition by continuously
optimizing the pattern tensor. These operations ultimately
make core tensors carry information that is most conducive

to improving the accuracy of the classification model. There-
fore, compared with Tucker and CP tensor decomposi-
tion, pattern-oriented tensor decomposition method is more
instructive and autonomous learning. Moreover, resulting
core tensors are more interpretable. In general, the pattern
tensor is a bridge between tensor decomposition and neural
networks.

Figure 7(c) demonstrates that TextCNN has lower accu-
racy than TextRNN, LSTM, and Bi-LSTM in classifying the
intention of users’ legal consulting statements. This is because
the convolution kernel is more concerned with the spatial
relationship of input data. Convolutional neural networks
only consider the current input while recurrent neural net-
works consider both the current input and previous inputs.
Users’ legal consulting statements are sequence data. The
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Table 1: Accuracy of algorithms based on multiple deep neural networks.

Optimization Basic algorithm
TextCNN TextCNN attention TextRNN TextRNN attention LSTM Bi-LSTM GRU Bi-GRU

The original method 0.77 0.80 0.79 0.81 0.81 0.83 0.81 0.85
CP TP method 0.82 0.85 0.87 0.86 0.89 0.92 0.90 0.91
Tucker TP method 0.84 0.86 0.85 0.88 0.87 0.90 0.89 0.92
Pattern-oriented TP 0.89 0.91 0.91 0.92 0.93 0.96 0.92 0.94

Table 2: F1 score of algorithms based on multiple deep neural networks.

Optimization Basic algorithm
TextCNN TextCNN attention TextRNN TextRNN attention LSTM BiLSTM GRU Bi-GRU

The original method 0.64 0.70 0.68 0.71 0.70 0.74 0.71 0.77
CP TP method 0.72 0.77 0.80 0.78 0.83 0.87 0.83 0.84
Tucker TP method 0.75 0.77 0.76 0.81 0.80 0.84 0.82 0.86
Pattern-oriented TP 0.83 0.85 0.84 0.86 0.88 0.92 0.86 0.89

meaning of one word is related to words both before and after
it. Compared with convolutional neural networks, recurrent
neural networks can capture the lexical sequence relation-
ships such as transition, emphasis, and juxtaposition included
in statements. Therefore, recurrent neural networks provide
a more comprehensive analysis of users’ legal consulting
statements and achieve higher accuracy.

As can be seen from Figures 7(a), 7(b), and 7(d), LSTM
and Bi-LSTM can achieve higher accuracy than TextRNN.
Recurrent neural networks are difficult to handle long-
distance dependencies. When the input users’ legal consult-
ing statement is long, recurrent neural networks may expe-
rience gradient disappearance or explosion. LSTM-based
neural networks solve the above problem by adding new
cell states and gatingmechanisms. Bi-LSTMcomprehensively
considers outputs of the forward and backward LSTM units.
Compared with unidirectional LSTM, Bi-LSTM can achieve
higher accuracy.

Tables 1 and 2 provide the accuracy and Micro-F1 score
of a variety of neural networks for intention classification
of users’ legal consulting statements. TP stands for tensor
decomposition. It can be seen that Bi-LSTM with pattern-
oriented tensor decomposition layer has the highest accuracy
compared to other algorithms. From the perspective of
sequence coding, attention layer can break the limit of fixed-
length inputs and calculate the relationship between input
sequences and output sequences. Although attention layer
adds a series of weight parameters and learns the weight
of each element from inputs and outputs sequences, it does
not change the structure inside original neural networks.
For the problem of intention classification of users’ legal
consulting statements, attention layer is difficult to com-
pensate for the missing sequence information of TextCNN
and the gradient disappearance or explosion problems of
TextRNN.

Tables 1 and 2 demonstrate that the pattern-oriented
tensor decomposition layer has a greater optimization effect

on LSTM and Bi-LSTM than GRU and Bi-GRU. GRU is a
simplification of LSTM. LSTM controls outputs of neural
units through the output gate, while GRU passes outputs
directly to next neural units. Therefore, GRU converges faster
than LSTM. For the optimization of pattern tensors, LSTM
is better than GRU. The main reason is that GRU has higher
integration and fewer adjustable parameters than LSTM.That
is to say, GRU has a relatively limited optimization of pattern
tensors.

6. Conclusion

In this study, we propose a new method (i.e., Bi-LSTM
with pattern-oriented tensor decomposition) to solve the
problem of users’ legal intention understanding in the
field of legal services. Our method combines deep neural
network with tensor decomposition method to complete
the classification and deep understanding of users’ legal
consulting statements. Our method is more instructive and
interpretable than the traditional deep neural networks.
We propose a new tensor decomposition method that is
driven by users’ legal consultation patterns and continu-
ously guide the training and update process of deep neural
networks.

Experiments show that our technique demonstrates faster
convergence and higher accuracy than the traditional deep
learningmethods by applying the tensor decomposition layer.
We will extend our algorithm in future work and increase
the dataset to enrich the model parameters and make these
parameters universal.

Appendix

A.

We provide the proof of Lemma 11 in Proof A.0.1, and the
proof of Theorem 12 in Proof A.0.2. Through these proofs,
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Theorem 12 and Lemma 11 proved to be able to solve Problem
10.

Proof A.0.1. In the target function 𝜂 = ‖(𝜒∏𝐾𝑘 ×
𝑘𝑈𝑘)∏𝐾𝑘 ×𝑘𝑈𝑘𝑇𝜒𝑇‖2𝐹, we use 𝜇 to representI∏𝐾𝑘 ×𝑘𝑈𝑘. More-
over, I is the identity tensor, I ∈ R𝐽1×𝐽2×⋅⋅⋅𝐽𝐾 . Then function𝜂 can be described as 𝜂 = ‖𝜒𝜇𝜇𝑇𝜒𝑇‖2𝐹. Here, let 𝑦 = 𝜇𝜇𝑇;
thus 𝜂 = ‖𝜒𝑦𝜒𝑇‖2𝐹. We can obtain 𝜕𝜂/𝜕𝜒 = 𝜕‖𝜒𝑦𝜒𝑇‖2𝐹/𝜕𝜒 =[𝑦𝜒𝑇 + 𝑦𝑇𝜒𝑇]𝑇 by using the derivation formula of Frobenius
function. Therefore 𝜕𝜂/𝜕𝜒 = 2(𝜒∏𝐾𝑘 ×𝑘𝑈𝑘)∏𝐾𝑘 ×𝑘𝑈𝑘𝑇.
Proof A.0.2. Using (10), we can get function 𝛾 = ‖𝜒∏𝐾𝑘 ×𝑘𝐶𝑘−𝜒∏𝐾𝑘 ×𝑘𝑈𝑘‖2𝐹. We use 𝜆 to represent 𝜒∏𝐾𝑘 ×𝑘𝐶𝑘 and use 𝜇
to represent ∏𝐾𝑘 ×𝑘𝑈𝑘. Then function 𝛾 can be written as𝛾 = ‖𝜆−𝜒𝜇‖2𝐹.We declare a function 𝑡𝑟, 𝑡𝑟(𝜔𝑇𝜔) = ∑𝐼1𝑖1 ∑𝐼2𝑖2 ⋅ ⋅ ⋅∑𝐼𝑁𝑖𝑛 𝜔(𝑖1, 𝑖2, ⋅ ⋅ ⋅ , 𝑖𝑛)2 for any 𝜔 ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 . For any matrix𝐴, ‖𝐴‖𝐹 = √𝑡𝑟(𝐴𝑇𝐴). Then we can obtain 𝛾 = 𝑡𝑟(𝜆𝑇𝜆) −2𝑡𝑟(𝜇𝑇𝜒𝑇𝜆) + 𝑡𝑟(𝜇𝑇𝜒𝑇𝜒𝜇). Since 𝑡𝑟(𝜇𝑇𝜒𝑇𝜆) = 𝑡𝑟(𝜆𝜇𝑇𝜒𝑇),𝑡𝑟(𝜇𝑇𝜒𝑇𝜒𝜇) = 𝑡𝑟(𝜒𝜇𝜇𝑇𝜒𝑇), 𝜕𝛾/𝜕𝜒 = 𝜕𝑡𝑟(𝜆𝑇𝜆)/𝜕𝜒 −2(𝜕𝑡𝑟(𝜆𝜇𝑇𝜒𝑇)/𝜕𝜒) + 𝜕𝑡𝑟(𝜒𝜇𝜇𝑇𝜒𝑇)/𝜕𝜒. Using Lemma 11,𝜕𝛾/𝜕𝜒 = −2𝜆𝜇𝑇 + 2𝜒𝜇𝜇𝑇. When 𝜕𝛾/𝜕𝜒 = 0, 𝜒 = 𝜆𝜇𝑇 =(𝜒∏𝐾𝑘 ×𝑘𝐶𝑘)∏𝐾𝑘 ×𝑘𝑈𝑘𝑇. Finally, we can obtain (11) which is the
optimal solution of (10) in Problem 10 while factor matrices{𝐶𝑘} and {𝑈𝑘} satisfy Conditions 1 and 2.

B.

Proof B.0.3 gives the proof of Lemma 13. Combining
Lemma 13 and the ALS algorithm, Proof B.0.4 gives the
solution of Problem 9.

Proof B.0.3. The target function is 𝛿, where 𝛿 = 𝑡𝑟((𝜒∏𝐾𝑘 ×
𝑘𝐶𝑘)𝑇(𝜒∏𝐾𝑘 ×𝑘𝐶𝑘)). By expanding the above formula, we
can obtain that 𝛿 = 𝑡𝑟((𝜒∏𝐾𝑘 ̸=𝑘0×𝑘𝐶𝑘×𝑘0𝐶𝑘0)𝑇(𝜒∏𝐾𝑘 ̸=𝑘0×𝑘𝐶𝑘×
𝑘0
𝐶𝑘0)). We use ℓ to represent 𝜒∏𝐾𝑘 ̸=𝑘0×𝑘𝐶𝑘. Then function𝛿 is described as 𝛿 = 𝑡𝑟((ℓ×𝑘0𝐶𝑘0)𝑇(ℓ×𝑘0𝐶𝑘0)). The above-

mentioned equation is abbreviated as 𝛿 = 𝑡𝑟((ℓ𝐶𝑘0)𝑇(ℓ𝐶𝑘0)).
Therefore, 𝜕𝛿/𝜕𝐶𝑘0 = 𝜕𝑡𝑟((ℓ𝐶𝑘0)𝑇(ℓ𝐶𝑘0))/𝜕𝐶𝑘0 = 𝜕𝑡𝑟(𝐶𝑘0𝑇ℓ𝑇ℓ𝐶𝑘0)/𝜕𝐶𝑘0 . Let 𝑦0 = ℓ𝑇ℓ; then we can obtain 𝜕𝛿/𝜕𝐶𝑘0 =𝜕𝑡𝑟(𝐶𝑘0𝑇𝑦0𝐶𝑘0)/𝜕𝐶𝑘0 . By using the derivation formula of
Frobenius function, we conclude that 𝜕𝛿/𝜕𝐶𝑘0 = [𝑦0𝐶𝑘0 +𝑦0𝑇𝐶𝑘0]; that is, 𝜕𝛿/𝜕𝐶𝑘0 = 2𝑦0𝐶𝑘0 . Finally 𝜕𝛿/𝜕𝐶𝑘0 =𝜀(𝜒∏𝐾𝑘 ̸=𝑘0×𝑘𝐶𝑘)𝑇(𝜒∏𝐾𝑘 ×𝑘𝐶𝑘).
Proof B.0.4. We declare a function 𝜍 = 𝜙2 = ‖𝜒∏𝐾𝑘 ×𝑘𝐶𝑘 −
]∏𝐾𝑘 ×𝑘𝑈𝑘‖2𝐹 using (8). If {𝐶𝑘} and {𝑈𝑘} can obtain the
minimumof 𝜍, then they can also generate theminimumof 𝜙.
We calculate the partial derivative of function 𝜍 with respect
to 𝐶𝑘0 while fixing {𝐶𝑘} where 𝑘 ̸= 𝑘0 and {𝑈𝑘}. We useℓ0 to represent 𝜒∏𝐾𝑘 ̸=𝑘0×𝑘𝐶𝑘 and ]0 to represent ]∏𝐾𝑘 ×𝑘𝑈𝑘.
Function 𝜍 can be written as 𝜍 = ‖ℓ0×𝑘0𝐶𝑘0 − ]0‖2𝐹. We can
abbreviate it as follows. 𝜍 = ‖ℓ0𝐶𝑘0 − ]0‖2𝐹,

𝜕𝜍𝜕𝐶𝑘0 =
𝜕 ℓ0𝐶𝑘0 − ]02𝐹𝜕𝐶𝑘0

= 𝜕 (𝑡𝑟 (]0𝑇]0) − 2𝑡𝑟 (𝐶𝑘0𝑇ℓ0𝑇]0) + 𝑡𝑟 (𝐶𝑘0𝑇ℓ0𝑇ℓ0𝐶𝑘0))𝜕𝐶𝑘0
(B.1)

Using Lemma 13, we can obtain 𝜕𝜍/𝜕𝐶𝑘0 = −2ℓ0𝑇]0 +2ℓ0𝑇ℓ0𝐶𝑘0 . We set 𝜕𝜍/𝜕𝐶𝑘0 to zero.We can get that ℓ0𝐶𝑘0 = ]0.
Since 𝐶𝑘0 meets (9), we declare a temporary variable 𝐺𝑘0 . Let

𝐺𝑘0 = (ℓ0𝑇)𝑘0 (]0)𝑘0 (B.2)

By using the abovementioned formula, we obtain the trans-
formation 𝐺𝑘0 = 𝐶𝑘0𝐺𝑘0𝑇𝐶𝑘0 . We decompose matrix 𝐺𝑘0
using SVD

𝐺𝑘0 = 𝑃𝑘0𝑆𝑘0𝑄𝑘0𝑇 (B.3)

where 𝑃𝑘0 and 𝑄𝑘0 are the orthogonal matrices, and 𝑆𝑘0 is
diagonal matrix with nonnegative elements. And eventually
we can determine

𝐶𝑘0 = 𝑃𝑘0𝑄𝑘0𝑇 (B.4)

and 𝜕𝜍/𝜕𝑈𝑇𝑘0 is calculated similarly to 𝜕𝜍/𝜕𝐶𝑘0 .
C.

Proof C.0.5 provides the proof of Lemma 14.

Proof C.0.5. On the basis of the total and indirect
derivative rules, we can obtain that 𝜕𝑙𝑜𝑠𝑠𝐹/𝜕] =∑𝑁𝑛 ((𝜕𝑙𝑜𝑠𝑠𝐹/𝜕𝜒(𝑛))(𝜕𝜒(𝑛)/𝜕])). Furthermore, we can obtain𝜕𝜒(𝑛)/𝜕] = 𝜕[(𝜒(𝑛)∏𝐾𝑘 ×𝑘𝐶(𝑛)𝑘 )∏𝐾𝑘1×𝑘1𝑈(𝑛)𝑘1 𝑇]/𝜕] using (11). In
accordance with (B.2), (B.3), and (B.4), we determine that{𝐶(𝑛)
𝑘
} and {𝑈(𝑛)𝑇

𝑘1
} are the functions of ]. Then we can obtain

(13) and (14) by calculating the differentials 𝜕𝜒(𝑛)/𝜕𝐶(𝑛)
𝑘
,𝜕𝐶(𝑛)

𝑘
/𝜕], 𝜕𝜒(𝑛)/𝜕𝑈(𝑛)

𝑘1

𝑇
, and 𝜕𝑈(𝑛)

𝑘

𝑇/𝜕]. Finally we derive (12)
which shows the method for calculating 𝜕𝑙𝑜𝑠𝑠𝐹/𝜕].
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Fingerprinting based on Wi-Fi Received Signal Strength Indicator (RSSI) has been widely studied in recent years for indoor
localization. While current algorithms related to RSSI Fingerprinting show a much lower accuracy than multilateration based
on time of arrival or the angle of arrival techniques, they highly depend on the number of access points (APs) and fingerprinting
training phase. In this paper, we present an integrated method by combining the deep neural network (DNN) with improved K-
Nearest Neighbor (KNN) algorithm for indoor location fingerprinting. The improved KNN is realized by boosting the weights on
K-nearest neighbors according to the number of matching access points. This will overcome the limitation of the original KNN
algorithm on ignoring the influence of the neighboring points, which directly affect localization accuracy. The DNN algorithm is
first used to classify the Wi-Fi RSSI Fingerprinting dataset. Then these possible locations in a certain class are also classified by
the improved KNN algorithm to determine the final position. The proposed method is validated inside a room within about 13∗9𝑚2. To examine its performance, the presented method has been compared with some classical algorithms, i.e., the random forest
(RF) based algorithm, the KNN based algorithm, the support vectormachine (SVM) based algorithm, the decision tree (DT) based
algorithm, etc. Our real-world experiment results indicate that the proposed method is less dependent on the dense of access points
and indoor radio propagation interference. Furthermore, our method can provide some preliminary guidelines for the design of
indoor Wi-Fi test bed.

1. Introduction

Positioning technology is one of the key points for location
based service (LBS). And the attention and demands on
Indoor Positioning Service (IPS) increase unceasingly in
recent years. For outdoor positioning, theGlobal Satellite Sys-
tems (GNSSs) such as American Global Positioning System
(GPS) and Chinese Beidou Satellite Navigation System are
performing very well. However, GNSSs are not suitable for
indoor positioning as the satellite signal propagation can be
easily interfered by indoor complex environment [1]. There-
fore, other positioning solutions should be implemented for
indoor positioning and navigation. Since wireless signal is
now widely available, many approaches aiming at wireless
information are proposed to estimate locations in indoor
environment.

Compared with other positioning systems, Wi-Fi
fingerprint positioning technology has the advantages of
low-cost and high precision [2]. Due to the wide use of
Wi-Fi worldwide, fingerprint positioning technology based
on Wi-Fi signals can be easily constructed and put into work
in indoor scenario without any additional hardware, which
makes the costs reduce considerably. This technology uses
Wi-Fi signal strength to model and locate, which means it is
not necessary to know the exact location of the APs (Access
Points). Meanwhile, the situation of signal absorption and
attenuation does not need to be taken into consideration.

During the last decade, indoor positioning technology
based on wireless signal has been developed rapidly with
many newmethods and technologies [2]. Microsoft Research
Asia developed RADAR system, which is a radio-frequency-
based system for locating and tracking users inside buildings
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and can estimate the user location with a high degree of accu-
racy [3].TheUniversity ofMaryland proposed a system called
Horus, and it can achieve accuracywith less than 0.6meter on
the average [4]. Moreover, Tsinghua University put forward
the LiFS (Location in Fingerprint Space) system based on
off-the-shelf Wi-Fi infrastructure and mobile phones [5]. As
more improved algorithms are applied to indoor positioning,
the results are becoming more accurate.

The location fingerprinting (LF) technique is commonly
used in indoor positioning as it can take advantage of
existing wireless local network (WLAN) infrastructure. To
deploy a traditional LF-based indoor positioning system,
location fingerprints consisted of the information of media
access control (MAC) and received signal strength indi-
cator (RSSI) of the access points (APs) should be gen-
erated in the offline phase firstly. And each coordinate
corresponds to measured information of searched APs.
Then, the mobile device can be localized with these fin-
gerprints in the online phase. The measured RSSIs are
compared with the location fingerprints by positioning
algorithm to determine the final coordinates. Furthermore,
the fingerprint database should be updated periodically to
reduce the errors caused by changeable Wi-Fi environ-
ment.

There are some other issues that researchers always pay
attention to, like how many APs should be required to obtain
good positioning results [6]. However, the number of used
APs is not the focus of this paper. We collect all observable
APs existed in the positioning environment to make the
fingerprint database. Then stability analysis of the APs is
carried out to delete the unstable APs, which is conducive
to improving accuracy. Moreover, it is known that Channel
State Information (CSI, reflecting channel response in 802.11
a/g/n) has attracted many research efforts and some works
have approved that it can achieve more accurate result than
RSSI does [7]. However, only a few wireless network adapters
can collect the physical layer feature information, such as
Intel’s IWL 5300. Therefore, the new technology is not able
to be implemented on a smart phone unless the phone’s
wireless network adapter can collect CSI information. In this
paper, we focus on positioning algorithm based on Wi-Fi
RSSI information which is one of the key points of the indoor
positioning.

Different from other approaches, a new Wi-Fi finger-
printing positioning method is proposed in this paper,
which combines DNN and improved KNN to improve the
accuracy of indoor positioning. Moreover, there are some
contributions of this paper as follows.

(1) The improved KNN algorithm is proposed based
on the number of matched APs, which takes the
relationship between the positioning neighbors into
consideration.

(2) The whole positioning scene is separated into some
clusters, which increase the number of learning
samples to DNN classifier algorithm. After knowing
the exact cluster based on the DNN classifier, the
interference of other clusters can be reduced and the
computation cost of the improved KNN is decreased.

(3) The stability of Wi-Fi APs is estimated by analyzing
the quality of received signal.

The rest of the paper is structured as follows. After
presenting the related work about positioning algorithms
in Section 2, Section 3 introduces the proposed approach in
detail. Then experimental study is carried out in Section 4,
followed by analytical evaluation. Finally, Section 5 draws
some conclusions.

2. Related Work

In the online phase, positioning system matches precollected
data with the signal strength to determine where the user is
bymeans of positioning algorithm.Therefore, the positioning
algorithm is crucial for positioning accuracy. In this section,
we will introduce some indoor positioning algorithms.

(1) K-Nearest Neighbor. The KNN algorithm is one of the
simplest algorithms in machine learning. KNN is widely
used for its low-cost and high accuracy. It compares the
generated RSSI with the fingerprint data and chooses the
k-nearest neighbors of fingerprint data according to the
calculated distance, i.e., Manhattan distance or Euclidean
distance. Therefore, the correlative coordinates of the kth
position are the possible positions of users. Moreover, it can
increase positioning accuracy by calculating the mean value
of the k coordinates.

The radar indoor positioning system [3] applies the near-
est neighbor method. Y Fang et al. [8] presented an improved
KNN algorithm in fingerprinting information matching in
Wi-Fi indoor positioning system. Ma et al. [9] proposed a
newmethod called theClustering FilteredKNN (CFK)which
combined KNN with clustering.

(2) Random Forest. Random Forest (RF) [10] is an ensemble
learning method for classification and regression. The ran-
dom forest is made up of many decision trees which is set up
randomly. There is no association between each decision tree
in the RF. After setting up the RF, each decision tree decides
which class the sample belongs to. And the final class of the
sample is the maximum class processed by decision trees.

Adusumilli et al. [11] used random forest regression in
the INS/GPS. In this study, the RF regression effectively
modelled the highly nonlinear INS error due to its improved
generalization capability. Jedari et al. [12] compared the RF
with KNN and a rules-based classifier (JRip), and the results
indicated that the RF classifier presents the best performance
as compared to KNN and JRip classifiers with positioning
accuracy higher than 91%. Mo et al. [13] proposed a coarse
positioning method based on RF, which is able to customize
several subregions, and test point to the region with an
outstanding accuracy compared with some typical clustering
algorithms.

(3) Support Vector Machine. The support vector machine
(SVM) is one of the most practical methods in statistical
learning as it translates the input space into a higher dimen-
sional space by nonlinear transform defined by inner product
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function and calculates the optimal classification plane in this
space [2]. The expression formula is shown as

𝑓(𝑥) = sgn( 𝑛∑
𝑖=1

𝑇𝑖𝑦𝑖𝐾(𝑥𝑖, 𝑥) + 𝑏) (1)

Here, 𝑇𝑖 is the Lagrange multiplier corresponding to each
sample. b is the classification threshold. And 𝐾(𝑥𝑖, 𝑥) is the
optimal classification plane of the inner product function.
This function can achieve nonlinear classification after a
nonlinear transformation. In addition, the SVM applied to
indoor fingerprinting positioning mainly consists of the SVC
problems and the SVR problems.

Yu et al. [14] utilized the information of the signal
strength received from the surrounding APs to determine
the user location by using SVM algorithm. They compared
three kernel functions with each other; the result showed
the radial function (RBF) performs the best. Figuera et al.
[15] proposed a technique to enhance the SVM algorithm,
which modifies the SVM algorithm to obtain three advanced
methods incorporating the cross information in the two
dimensions of the location.

(4) Other Indoor Positioning Algorithms. In addition to the
above-mentioned positioning algorithms, there are many
other useful algorithms applied to indoor positioning. Arti-
ficial Neural Network (ANN) is one of the most popular
methods in machine learning, and many researchers take
advantage of ANN methods in fingerprinting positioning,
such as multilayer perceptron (MLP) and back propagation
neural networks (BPNN). Shareef et al. [16] quantitatively
compared the localization performance of MLP and Kalman
filter, and the results showed that the MLP could potentially
achieve the higher localization accuracy.

What is more, Nowicki et al. [17] employed the DNN sys-
tem for building/floor classification, which achieved robust
and precise classification when the sample is large enough. In
addition, Ma et al. [18] proposed an improved Wi-Fi indoor
positioning algorithm by weighted fusion. The algorithm
used the improved Euclidean distance and the improved joint
probability to calculate two intermediate results and further
calculated the final result from these two intermediate results
by weighted fusion.

3. The Proposed Positioning Algorithm

In this section, we introduce the positioning algorithm
proposed in this paper. The procedure of the combined
positioning algorithm can be divided into two phases: DNN
classification phase and improved KNN classification phase.
DNN algorithm is used to train the dataset in offline phase
and predict in online phase, while the improved KNN
algorithm classifies these promising locations in a certain
class to determine the final position in online phase. And it is
shown in Figure 1.

As shown in Figure 1, the proposed algorithm mainly
consists of two phases: offline phase and online phase. And
the offline acquisition process mainly includes four phases.

First phase is collecting indoor Wi-Fi signal. This phase
collects Wi-Fi signals that are emitted by surrounding APs
based on a map of collecting points. The collected signal
information should contain the MAC and RSSI of the APs.
Moreover, the mobile hardware can collect repeatedly at least
ten times at each point.

Second phase is processing the collected signal informa-
tion. And after collecting Wi-Fi signal, the data should be
handled first. Unstable APs are supposed to be removed from
the database in order to improve the accuracy of poisoning
results.
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Figure 2: Architecture of DNN (210-256-128-4).

Then, the location fingerprinting database is constructed.
And the location fingerprinting database mainly consists of
the following information: MAC of APs, average value ofWi-
Fi signal strength, and corresponding location.

Finally, the dataset is trained by DNN algorithm. The
dataset is from the processed raw data. Firstly, the whole
positioning space is divided into four main parts, which
seperates the dataset into four clusters.The input of the DNN
algorithm is the RSSI fromAPs in each cluster, and the output
is a certain cluster of the four clusters.The training results are
stored in a file to provide for the online prediction.

In this experimental scene, the learning sample of Wi-
Fi fingerprinting database is not too large; therefore, we use
a simple four layers’ DNN architecture which consists of
two hidden layers to do the classification. The total number
of APs observed in the positioning environment is about
210. Therefore, the number of neurons in the input layer
is 210. Then, the two hidden layers are designed to be
256 neurons and 128 neurons, respectively. The number of
neurons in output layers is equal to four. Figure 2 represents
the architecture of the proposed deep neural networks. And
the number in parentheses stands for the number of neurons
in each layer.𝑊0, 𝑊1, and 𝑊2 are defined as the weights between the
RSSI values and the first hidden layer, the first and second
layer, and the second and output layer, respectively. Also, 𝑏0,𝑏1, and 𝑏2 are defined as their biases. The first two activation
functions are both Rectified Linear Unit (ReLU). The output
layer is a softmax layer that outputs the probabilities of
current sample belonging to analyzed classes. Therefore, the
network with probabilistic generative model can be written
as

ℎ1 = max (0,𝑊0ℎ0 + 𝑏0)
ℎ2 = max (0,𝑊1ℎ1 + 𝑏1)
𝑉 = 𝑊2ℎ2 + 𝑏2
𝑆𝑖 = 𝑒𝑉𝑖

∑𝐶𝑖 𝑒𝑉𝑖

(2)

where ℎ0 denotes the input data, i.e., the RSSI values. 𝐶 is
the class number. 𝑆𝑖 represents the probability that final result
belongs to the 𝑖th class.

Moreover, we employ dropout between the two hidden
layers of the classifier, which randomly drops connections
between the two layers during training to avoid overfitting.

The online positioning process consists of two phases as
follows.

Firstly, the Wi-Fi signal information can be gathered by
the positioning target. Then, the DNN algorithm can predict
the cluster that the collected fingerprint belongs to.

After knowing the exact cluster from the above step, the
proposed KNN algorithm is used to calculate the certain
position among all possible points in the cluster.

The improved KNN algorithm is based on the traditional
KNN. However, the original KNN algorithm ignores the
influence of the neighboring points. The first step of the
improved KNN is in accordance with the traditional one,
which selects k-nearest neighbors from the certain cluster
according to the average value of the squared Euclidean
distance, which is expressed as

𝐿𝑗 = 1𝑛𝑗
𝑛𝑗∑
𝑖=1

(𝑅𝑆𝑆𝑖 − 𝑅𝑆𝑆𝑗)2 (3)

Here, j = 1,2,. . .,m is the jth RSSI vector in fingerprint
database. 𝐿𝑗 is the average value of the squared Euclidean
distance between online collected RSSI vector and the jth
RSSI vector of fingerprint database. 𝑛𝑗 is the same number
of APs between online collected RSSI vector and the jth RSSI
vector of fingerprint database.

After calculating the average value of the squared
Euclidean distance, k-nearest neighbors are selected as the
k possible target locations. Finally, certain target position is
determined by the k neighbors. Moreover, each neighbor is
given a weight according to the number of the matched APs.
It is expressed as

𝐷𝑘+1 = 𝑘∑
𝑗=1

𝑛𝑗∑𝑛𝑗𝐷𝑗 (4)
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Input: RSSI
Output: Target position (P)(1) Get the collected RSSI vector R(𝑅𝑆𝑆𝐼1, 𝑅𝑆𝑆𝐼2, ⋅ ⋅ ⋅ , 𝑅𝑆𝑆𝐼𝑛);(2) Initialize distance set D as an empty set;(3) Initialize weight set 𝑊 as an empty set;(4) Initialize DNNmodel from the training file;(5) A certain cluster C that R belongs to can be predicted by DNN model;(6) for (each reference RSSI vector 𝑅𝑖 in C) do //RSSI fingerprint traversal(7) Calculate the squared Euclidean distance 𝐷𝑖 between R and 𝑅𝑖;(8) Add 𝐷𝑖 intoD;(9) Add the number of same APs (𝑊𝑖) between R and 𝑅𝑖 into𝑊;(10) end for(11) Select k nearest neighbors and their corresponding weights according toD;(12) for (each position 𝑃𝑖 in k nearest neighbors) do //𝑃𝑖 stands for coordinate of the selected position(13) 𝑃 = 𝑃 + 𝑃𝑖 × 𝑊𝑖/𝑠𝑢𝑚(𝑊𝑖); //P is the coordinate of the final position(14) end for

Algorithm 1: Pseudocode of online positioning process.

Figure 3: Fingerprint of the positioning environment.

Here, 𝐷𝑘+1 is the final location of the mobile target. 𝐷𝑗
is the jth possible location. 𝑛𝑗 is the matched AP number
of the jth possible location. And the pseudocode of online
positioning process is shown in Algorithm 1.

The combination algorithm does not need too much
training data of each point as it regards many collection
points as a cluster and it trains with these clusters. Also, it can
reduce the computation cost. The improved KNN algorithm
only needs to calculate a certain cluster instead of all the clus-
ters.What is more, it can improve the accuracy of positioning
as it considers the relationship between the neighbors.

4. Evaluation

In this section, we carry out the experiment to validate the
proposed algorithm and compare it with other algorithms,
i.e., support vector machine (SVM), decision tree (DT),
random forest (RF), etc.

Our experiment is carried out at the second floor in the
School of Instrument Science and Engineering, SEU. The

fingerprint of the environment in our experiment is given in
Figure 3.

Figure 3 shows the distribution of collecting points and
experiment points, with labeled red dots and green dots,
respectively, in the figure. The size of each grid is about
1.1m∗1.1m. The fingerprint collection is repeated 10 times
at each position. Finally, we take about 20 positions in
the experiment and repeat 5 times of collection at each
experiment point.

In this paper, we do not add APs to structure the posi-
tioning environment; instead, we just deal with the existing
APs of the environment. Thus, we should handle with some
unstable APs. However, the influence of the unstable APs is
not discussed in detail. We generally regard the APs whose
transmitting signals are intermittent as the unstable APs. And
the example of stable and unstable APs is shown in Figures
4(a) and 4(b).

Figure 4 shows the signal strength distribution of the two
selected APs. Figure 4(a) shows the example of stable AP,
while Figure 4(b) represents the example of unstable AP. The
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Figure 4: Example of stable and unstable APs.
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Figure 5: Test result of different K values of KNN.

signal strength of AP is displayed by percentage strength
ratio. And 0% of the signal strength illustrates that the tag
failed to collect the AP’s signal in the corresponding position.

In order to determine the algorithm efficiency, we change
the value of K in KNN to make the algorithm more efficient
to the positioning environment. The value of K is set from
1 to 5. The test date includes 100 collection vectors from 20
experiment points mentioned above. The positioning errors
are based on the Euclidean distance from the real coordinates,
which can be expressed as

𝐷𝑖𝑠 𝑒𝑟𝑟 = √(𝑥 − 𝑥0)2 + (𝑦 − 𝑦0)2 (5)

Here, 𝐷𝑖𝑠 𝑒𝑟𝑟 is the Euclidean distance between the real
location (𝑥0, 𝑦0) and the estimated location (𝑥, 𝑦).

After doing average filtering in each location, the average
error in each testing location is calculated to evaluate the
results of different K values. The result is given in Figure 5.

Table 1 presents test result comparison among different K
values, which gives the average error of testing.

From Figure 5 and Table 1 we can conclude that when
K=4, it performs better than other K values, where the errors
of 40% experiment points are less than 1m and 85% are less
than 2m. Moreover, the average error of the 20 test points is
1.39m. Therefore, we take 4 as the K-value to achieve a better
performance.

Then we calculate the error of each measurement without
using an average filter, and the result is shown by Figure 6,
it shows all the errors of the 100 times positioning within
repeating 5 times measurements at each of the 20 locations.
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Table 1: Average error of different K values.

K-value Average error (m)
1 1.50
2 1.50
3 1.43
4 1.39
5 1.42

We can figure out most positioning errors are less than
3m. After calculation, the average positioning error is about
1.67m.

Moreover, we compare the proposed algorithmwith other
classical positioning algorithms from two aspects: before
average filtering and after average filtering. The result is
shown by Figure 7, where the abscissa is the abbreviations
of algorithms for the proposed method, Decision Tree,
Gaussian Naı̈ve Bayes, K-Nearest Neighbor, Deep Neural
Networks, Support Vector Machine, and Random Forest.
We can conclude from Figure 7 that the three algorithms
of the best performance are TPM, SVM, and RF. Therefore,
we compare the probability of the three algorithms within
different Dis err of 100 positioning as shown in Figure 8. For
example, as for the proposed method, if the Dis err is within
1m, the probability of it is about 0.45.

From Figures 7 and 8, we can lead to the following
conclusions:

(1) The average filter can get good results. It improves the
accuracy of all tested algorithms.

(2) The proposed algorithm performs the best among the
traditional algorithms.

(3) By comparing the three algorithms with best perfor-
mance, we can conclude that the proposed algorithm
combines the advantages of these two traditional
algorithms. As a result, the accuracy of the proposed
algorithm is higher.

To sum up, the reasons why the proposed algorithm
performs better are as follows:

(1) The improved KNN algorithm could improve the
accuracy of the traditional KNN algorithm in posi-
tioning.

(2) The DNN algorithm is used to determine the most
likely cluster which the target belongs to. It can not
only decrease the computation cost of the improved
KNN, but also reduce the interference of other clus-
ters.

(3) The proposed algorithm combines both advantages of
the two algorithms and thus achieves better accuracy
than the two traditional algorithms.

5. Conclusions

Wi-Fi indoor positioning depends on the Wi-Fi signal to
get indoor location information, which is of great use and
significance to the indoor positioning application. In this
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paper, we mainly focus on the improvement of positioning
algorithm. Firstly, we improve the KNN algorithm by con-
sidering the number of matching APs. Then we combine
the DNN algorithm with the improved KNN algorithm.
Moreover, in order to show the good performance of the
proposed algorithm, we compare it with some traditional
indoor positioning algorithms, and the result shows our
proposed algorithm has a better performance.

However, it takes much manpower and time to maintain
the Wi-Fi fingerprinting database in this research. Therefore,
in further work, we will concentrate on obtaining the Wi-
Fi fingerprinting database by simulating the wireless prop-
agation model and a self-adapting system for replying the

change of the radio map and solving the problem of human
interference.
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Edge caching is a promising method to deal with the traffic explosion problem towards future network. In order to satisfy the
demands of user requests, the contents can be proactively cached locally at the proximity to users (e.g., base stations or user
device). Recently, some learning-based edge caching optimizations are discussed.However, most of the previous studies explore the
influence of dynamic and constant expanding action and caching space, leading to unpracticality and low efficiency. In this paper,
we study the edge caching optimization problem by utilizing the Double Deep Q-network (Double DQN) learning framework to
maximize the hit rate of user requests. Firstly, we obtain the Device-to-Device (D2D) sharingmodel by considering both online and
offline factors and then we formulate the optimization problem, which is proved as NP-hard. Then the edge caching replacement
problem is derived by Markov decision process (MDP). Finally, an edge caching strategy based on Double DQN is proposed. The
experimental results based on large-scale actual traces show the effectiveness of the proposed framework.

1. Introduction

With the development of network services and the sharp
increasing of mobile devices, severe traffic pressure posed an
urgent demand of network operator to explore the effective
paradigm towards 5G. Related works show that the requests
of top 10% video account for 80% of all traffic, that is,
the repeated downloads of the same content [1]. Device-
to-Device (D2D) content sharing is an effective method
to reduce mobile network traffic. In this way, users can
download required content from nearby devices and enjoy
data services with low access latency [2], which can improve
their service qualities (QoS).

In order to design an efficient caching strategy in mobile
networks, we need to achieve the statistical information of
the user requests and sharing activities by system learning
from the extreme volume of mobile traffic. In previous
work, some important factors in mobile networks (such as
content popularity, mobilemodels, user preferences, and user
behaviour) are assumed to be well known, which is not
rigorous [3]. Recently, a learning-based method is proposed

to jointly optimize the mobile content sharing and caching
[4, 5]. The authors of [6] calculated the minimum unload
loss according to user’s request interval and explored content
caching of small base station (SBSs). Srinivasan et al. [7]
used the Q-learning method to determine the load-based
spectrum, optimizing the spectral sharing. However, tradi-
tional RL technology is not feasible for the mobile network
environment with large state space.

Motivated by this, we studied the D2D edge caching
strategy in hierarchical wireless network in order tomaximize
unloading traffic and reduce pressure through D2D com-
munication. And the cache replacement process is modelled
by Markov decision process (MDP). Finally, a Double Deep
Q-network (Double DQN) based edge caching strategy is
proposed.The contributions of this paper are summarized as
follows:

(i) We model the D2D sharing activities by considering
both online factor (users’ social behaviours) and
offline factor (user mobility). The optimization then
is proved as NP-hard.
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Figure 1: Illustration of edge caching architecture in D2D networks.

(ii) The cache replacement problem is established by
Markov decision process (MDP) to address the
continuousness of edge caching problem. And we
propose a Double DQN-based edge caching strategy
to deal with the challenge of action/state spaces
explosion.

(iii) Combined with the theoretical model, real trace
evaluation, and simulation experimental platform,
the proposed Double DQN-based edge caching strat-
egy achieves better performance than some existing
caching algorithms, including the least recently used
(LRU), least frequently used (LFU), and first-in first-
out (FIFO).

The rest of this article is organized as follows. We explained
the relevant work in the second part. The third part intro-
duces the systemmodel.The fourth part introduces the cache
optimization strategy and raises the relevant problem. The
fifth part introduces the details of cache strategy optimiza-
tion. And in the sixth part, large-scale experiments based on
real tracking are carried out.

2. Related Work

There are many researches on edge caching in mobile net-
work. For example, it is studied and proposed in [8–10] that
adding caching to mobile network is very promising. Femto
caching proposed in [11, 12] and AMVS-NDN proposed
by [13] are both committed to adding the cache in BS
for the purpose of unloading the traffic. The authors of
[14–16] proposed a collaborative caching strategy between
BS, which greatly improves the QoS of users. In recent
years, the application of intelligence in wireless networks
is getting more and more attention. Research in [17, 18]
shows that enhanced learning (RL) has great potential in

the design of BSs content caching schemes. Particularly,
the author proposed the base station caching replacement
strategy based on Q-learning and used multiarmed bandit
(MAB) to place the cache through RL technology [17].
However, considering the extreme complexity of the actual
network environment and the maximum of the state space,
traditional RL technology is not feasible. Besides, all of the
works mentioned above are focused on single-level caching
without considering multilevel caching.

Multitier caching is widely used to exploit the potential
of system infrastructure, especially in web caching systems
[19–21] and IPTV systems [22]. Reference [23] focused on
the theoretical performance analysis of the content cache
in HetNets, which assumes that the content is in the same
size. However, [22, 23] do not involve the design of caching
policies, which required practical considerations in terms of
constraints (for instance, limited front-end/backhaul capac-
ity, diversity of content sizes) and specific characteristics of
network topologies.

3. System Model

As shown in Figure 1, we consider hierarchical network
architecture. The core network communicates with N base
stations via the backhaul link and the base station commu-
nicates with the user via the cellular link. N mobile users
are uniformly distributed 𝑈 = {𝑢1, 𝑢2, . . . , 𝑢𝑁} with a local
buffer size L𝑢 = {𝑙𝑢1 , 𝑙𝑢2 , . . . , 𝑙𝑢𝑁}, users can establish direct
communications with each other via D2D links, and they
can also be served by the BSs via cellular links. M files are
stored in the content library F = {𝑓1, 𝑓2, . . . , 𝑓𝑀}, and
their content sizes are denoted as L𝑓 = {𝑙𝑓1 , 𝑙𝑓2 , . . . , 𝑙𝑓𝑀}. 𝑙𝑓
represents the size of the requested content 𝑓.The cache state
is described by 𝑠𝑐𝑢𝑓. Here, 𝑠𝑐𝑢𝑓 is binary, where 𝑠𝑐𝑢𝑓= 1 denotes
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that the user u caches the content f while 𝑠𝑐𝑢𝑓= 0 means no
caching.

3.1. Content Popularity and User Preference. The popularity
of content is often described as the probability of a content
from the libraryFwhich is requested by all the users. Denote
an 𝑁 × 𝑀 popularity matrix P, where 𝑞𝑢𝑓 = P(𝑞𝑛𝑚) is
the probability of user 𝑢𝑛 requests for content 𝑓𝑚 in the(𝑛,𝑚)𝑡ℎ component. In related studies, the content popularity
is always described by ZipF distribution as [24].

𝑞𝑢𝑓 = 𝑅−𝛽𝑢𝑓
∑𝑖∈F 𝑅−𝛽𝑖 (1)

where the 𝑅−𝛽𝑢𝑓 is popularity index that user 𝑢 gives to content𝑓 in a descending order and 𝛽 ≥ 0 is the ZipF exponent.
We measured users’ sharing activities by large-scale trac-

ing of D2D sharing based on Xender. As shown in Figure 3
[25], in the real world, the matrix P changes over time (we
will introduce the tracking in detail in the sixth part). We
assume that the matrix remains constant over time, and our
caching strategy refreshes with changes of the popularity
matrix P. And the period of user sharing activities can
be divided into Peak hours and Peak-off hours. The cache
replacement action occurs during the Peak-off hours at each
period.

User preference: the user preference, which is denoted as
P𝑢𝑓, is the probability distribution of a user’s request for each
content. According to the content popularity matrix P, each
row of the matrix denotes a popularity vector of a user which
reflects the preference of a user for a certain content in a
statistical way. Assuming that the content popularity and user
preference are stochastic, we can obtain the relation:

P𝑢𝑓 = 𝑁∑
𝑢=1

𝑤𝑢𝑞𝑢𝑓 (2)

where𝑤𝑢 is the probability of user 𝑢 ∈ 𝑈 sending a request for
various contents 𝑓 ∈ F, given to a user request distribution𝑊 = [𝑤1, 𝑤2, . . . , 𝑤𝑁], ∑𝑁𝑢=1𝑤𝑢 = 1, 𝑤𝑢 ∈ [0, 1], which
reflects the request active level of each user.

3.2. D2D Sharing Model. Under the D2D-aid cellular net-
works, users can select either D2D links model or cellular
links model. In the D2D links model, users can request and
receive the content from the others via D2D links (e.g., Wi-
Fi or Bluetooth) or request the content from the BSs directly
in a cellular links manner. In our model, the users select D2D
links model in advance. If the requested content is not in their
own buffers (or their neighbours’), the cellular links model is
chosen.

Tomodel the D2D sharing activities among mobile users,
the opportunistic encounter (e.g., user mobility, meeting
probability, and geographical distance) and social relation-
ship (e.g., online relations and user preference) are two
important factors to be concerned about.

(1) Opportunistic Encounter. It is necessary to ensure that
the distance between the two users is less than the critical

value 𝑑𝑐,when the user communicates via the D2D link. Since
the devices are carried by humans or vehicles, we use the
meeting probability to describe the user mobility.

Similar with the prior work [26], we regard 𝜆𝑢V as the
contact rate of user 𝑢 and V, which follows the Poisson
distribution and the contact event is independent of the user
preference. We can obtain the opportunistic delivery as the
Poisson process with rate P𝑢𝑓𝜆𝑢V. If user 𝑢 caches content𝑓 in its buffer, we can derive the probability 𝑝𝑢V that user V
receives content 𝑓 from user 𝑢 before the content expires at
time 𝑇𝑓. For a node pair, we can derive that

𝑝𝑢V = ∫∞
𝑇𝑓

P𝑢𝑓𝜆𝑢V𝑒−P𝑢𝑓𝜆𝑢V𝑦𝑑𝑦 = 1 − 𝑒−P𝑢𝑓𝜆𝑢V𝑇𝑓 (3)

However, if the content 𝑓 is not cached in user 𝑢, 𝑝𝑢V = 0.
Combined with the definition of 𝑠𝑐𝑢𝑓, we can overwrite (3),
as 𝑝𝑢V = 1 − 𝑒−P𝑢𝑓𝜆𝑢𝑓𝑇𝑓𝑠𝑐𝑢𝑓 . Hence, the probability that user
V cannot receive content 𝑓 from all the other user 𝑢 ∈ 𝑈 is∏𝑢∈𝑈(1−𝑝𝑢V).Then the probability of user V receiving content𝑓 from user 𝑢 can be expressed by

𝑃𝑢V = 1 − ∏
𝑢∈𝑈

(1 − 𝑝𝑢V) = 1 − 𝑒−P𝑢𝑓𝑇𝑓 ∑𝑢∈𝑈 𝜆𝑢𝑓𝑠𝑐𝑢𝑓 (4)

(2) Social Relationship. In social relationship among users,
mobile users with weak social relationship may not be willing
to share the content with the others owing to the secu-
rity/privacy concerns. On the other hand, users sometimes
have additional resource and are willing to share the content
with others. However, the sharing activities may fail because
of the hardware/bandwidth restriction (the content may be
too large or the traffic speed is too slow). Thus, we consider
the social relationshipmainly depends on user preference and
content transmission rate condition.

We employ the notion of Cosine Similarity to measure
the user preference between two users and the preference
similarity factor 𝐶𝑢V is defined as

𝐶𝑢V = ∑𝑓∈F 𝑞𝑢𝑓𝑞V𝑓
√∑𝑓∈F (𝑞𝑢𝑓)2√∑𝑓∈F (𝑞V𝑓)2

, ∀𝑢, V ∈ 𝑈 (5)

Finally, based on the opportunistic encounter and social
relationship, we can obtain the probability of D2D sharing
between user 𝑢 and V as follows:

𝑃𝐷2𝐷𝑢V = 𝐶𝑢V ⋅ 𝑃𝑢V,, ∀𝑢, V ∈ 𝑈,, ∀𝑓 ∈ F (6)

where∑V∈𝑈 𝑃𝐷2𝐷𝑢V ≤ 1, ∀𝑢 ∈ 𝑈.The sumof probability ofD2D
sharing between each user and other users is less than 1.

3.3. Association of Users and BSs. Users can ask the content
directly from the associated local BS when the requested
content cannot be satisfied by D2D sharing. Definition 𝑃𝐵𝑆𝑢
is the cellular serving ratio, which is the average probability
that the requests of user 𝑢 have to be served by local BS via
backhaul link rather than D2D communications. Thus, we
can obtain 𝑃𝐵𝑆𝑢 = 1 − ∑V∈𝑈 𝑃𝐷2𝐷𝑢V , ∀𝑢 ∈ 𝑈. In this paper,
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we consider that the content transmission process can be
finished within the user mobility tolerant time, e.g., before
the user moves out of the communication range of the local
BS. The requested content can be satisfied from the buffer of
local BS or obtained from the neighbour BSs via BS-BS link
as well as the Internet via backhaul link. Let 𝑃𝐵𝑆𝑢𝐵 denote the
probability of BS 𝑛 serving user 𝑢, then we have

𝑃𝐵𝑆𝑢𝐵 = ∑𝑖 𝑇𝐵𝑆𝑢𝑛 (𝑖)∑𝑛∈N∑𝑖 𝑇𝐵𝑆𝑢𝑛 (𝑖) (7)

where 𝑇𝐵𝑆𝑢𝑛 (𝑖) denote the time period of the 𝑖-th cellular
serving from BS 𝑛 to user 𝑢 during the total sample time 𝑇𝑡𝑜𝑡.
Therefore, we have the probability 𝑃𝐵𝑆𝑢V that user 𝑢 is served by
BS 𝑛 as follows:

𝑃𝐵𝑆𝑢𝐵𝑛 = 𝑃𝐵𝑆𝑢 ⋅ 𝑃𝐵𝑆𝑢𝐵 , ∀𝑢 ∈ 𝑈, ∀𝑛 ∈N (8)

Note that ∑𝑛∈N 𝑃𝐵𝑆𝑢𝑛 + ∑𝑢∈𝑈 𝑃𝐷2𝐷𝑢V = 1, ∀𝑢 ∈ 𝑈.
3.4. CommunicationModel. Wemodel the wireless transmis-
sion delay between the User and the BS as the ratio between
the content size and the downlink data rate. Similar to [27],
the downlink data rate from BS 𝑛 to User 𝑢 can be expressed
as

𝑟𝑢,𝑛 = 𝑤 log2 (1 + 𝑞𝑢g𝑢,𝑛𝜎2 + ∑V∈𝑈\{𝑢} 𝑞VgV,𝑛) (9)

where𝑤 is channel bandwidth, 𝜎2represents the background
noise power, 𝑞𝑢 is transmission power of BS 𝑛 to User 𝑢, and
g𝑢,𝑛 is the channel gain and is determined by the distance
between the User 𝑢 and the BS 𝑛.
3.5. Optimization for D2D-Enabled Edge Caching Problem.
Mobile users can share the content via D2D communications.
User pair 𝑢 and V can get the requested content 𝑓 from 𝑢 if
V has the content (e.g.,𝑠𝑐𝑢𝑓 = 1) while V does not under the
probability of P𝐷2𝐷𝑢V . Thus, the content offload from the BSs
or Internet via D2D link between 𝑢 and V can be obtained as𝑙𝑓𝑃𝐷2𝐷𝑢V . Whether the user 𝑢 has the content 𝑓or not, we can
obtain the total content 𝑂𝐷2𝐷 via D2D sharing as

𝑂𝐷2𝐷 = ∑
𝑓𝜖F

𝑙𝑓∑
𝑢𝜖𝑈

𝑃𝐷2𝐷𝑢V 𝑠𝑐𝑢𝑓 (1 − 𝑠𝑐V𝑓) (10)

Our aiming is to maximize the total size of content offload
at users via D2D sharing while satisfying all the buffer
size constraints of mobile users. Formally, the optimization
problem is defined as

max 𝑂𝐷2𝐷
𝑠.𝑡. ∑

𝑓∈F

𝑠𝑐𝑢𝑓𝑙𝑓 ≤ 𝐿𝑢, ∀𝑢 ∈ U

𝑠𝑐𝑢𝑓 ∈ {0, 1} , ∀𝑢 ∈ U, ∀𝑓 ∈ F

(11)

where ∑𝑓∈𝐹 𝑠𝑐𝑢𝑓𝑙𝑓 ≤ 𝐿𝑢 is the buffer size constraint of all the
mobile users’ devices and 𝑠𝑐𝑢𝑓 ∈ {0, 1} is the caching state in
each mobile device.

The optimization problem (11) is NP-hard.

Proof. Let e𝑢V,𝑓 = 𝑠𝑐𝑢𝑓(1 − 𝑠𝑐V𝑓), and e𝑢V,𝑓 ∈ {0, 1}.
Thus, we can rewrite Problem (11) as

max ∑
𝑓∈F

𝑙𝑓 ∑
𝑢∈U

𝑃𝐷2𝐷𝑢V 𝑠𝑐𝑢𝑓 (1 − 𝑠𝑐V𝑓)
𝑠.𝑡. ∑

𝑓∈F

𝑠𝑐𝑢𝑓𝑙𝑓 ≤ 𝐿𝑢, ∀𝑢 ∈ U

𝑒V𝑢,𝑓, 𝑠𝑐𝑢𝑓 ∈ {0, 1} , ∀𝑢, V ∈ U, ∀𝑓 ∈ F

(12)

where ∑𝑓∈F 𝑠𝑐𝑢𝑓𝑙𝑓 ≤ 𝐿𝑢 is the cardinality constant of 𝐿𝑢. It
is easy to observe that Problem (11) has the same structure
with the problem formulated in [28], which has been proved
as NP-hard.

3.6. Cache Replacement Model. Wemodel the cache replace-
ment process as an MDP. Besides, we discuss the details of
the related state space, action space, and reward function as
follows.(1) State Space.We define 𝑠𝑐𝑖𝑢𝑓 as the content caching state
during each decision epoch 𝑖 with respect to the content𝑓 ∈ F, which independently picks a value from a state space
P. 𝑠𝑐𝑖𝑢𝑓 = 1 means content 𝑓 is cached in the user 𝑢 and
𝑠𝑐𝑖𝑢𝑓 = 0 means the opposite. In addition, 𝑠𝑟𝑖V is introduced to
denote the current requesting content from other users v in
the decision epoch 𝑖.The state of an available user during each
decision epoch 𝑖 can be represented by

z𝑖 = (𝑠𝑟𝑖V , 𝑠𝑐𝑖𝑢 ) ∈Z
def= {1, 2, . . . 𝐹} × {× 𝑓∈FP} (13)

(2) Action Space. The system action with respect to the
state z𝑖 can be denoted asA(z𝑖). All users possess the same
action space A as

A = {a𝐷2𝐷𝑖 , a𝐵𝑆𝑖 } (14)

Namely, the system action A(z𝑖) can be divided into two
parts according to their different characters as follows.

(a) Requests Handled via D2D link. The available cache
control in the adjacent users is represented by a𝐷2𝐷𝑖

def= [𝑎𝐷2𝐷𝑖,0 ,𝑎𝐷2𝐷𝑖,1 , . . . , 𝑎𝐷2𝐷𝑖,𝐹 ], where 𝑎𝐷2𝐷𝑖,𝑓 ∈ {0, 1}(𝑓 ∈ 1, . . . , 𝐹) indicates
that whether and which content in the local user should be
replaced by the current requesting content, (𝑎𝐷2𝐷𝑖,0 ∈ 0, 1)
represents whether the local user makes replacement; i.e., the
content request is handled by the user itself.

(b) Requests Handled by BSs. Certainly, each user can get
content directly fromBSs when the D2D link fails tomeet the
requirements. 𝑎𝑆𝑃𝑖 ∈ {0, 1} is introduced to represent this kind
of action, where 𝑎𝐵𝑆𝑖 = 1 means that the request is chosen to
be directly handled by BSs, namely, the User shall fetch the
content from BSs.(3) Reward Function. Reward (utility) functionR(z,A),
which determines the reward fed back to the user when
performing the action A(z𝑖) upon the state z𝑖, shall be
determined in the interactive wireless environment to lead
the DRL agent (we will introduce it later) in users towards
achieving ideal performance. Among the QoS metrics, the
most important is to improve the hit rate of user-requested
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content. Our goal is to maximize the hit rate of user requests.
Therefore, in our edge caching architecture, we design the
reward function as

R (z𝑖,A (z𝑖)) = {{{
𝑒𝑙𝑓 , A (z𝑖) = 𝑎𝐷2𝐷𝑖
𝑒−(𝑙𝑓), A (z𝑖) = 𝑎𝐵𝑆𝑖 (15)

where exponential function with respect to the traffic is
adopted here to guide the objective of maximizing the traffic.

4. Edge Caching Policy Discussion

In the hierarchical wireless networks with cache-enabled
D2D communications, we explore the maximum capacity of
the network based on the mobility and social behaviours of
users. The goal is to optimize the network edge caching by
offloading the contents to users via D2D communications
and reducing the system cost of content exchange between
BSs and core network via cellular links.

4.1. Problem Formulation. Based on the above analysis and
combined with (15), the optimization objective is defined as

𝑅long

= max𝐸A [ lim
𝐼→∞

1𝐼
𝐼∑
𝑖=1

R (z𝑖,A ( z𝑖)) | z1 = z] (16)

which indicates maximizing the expected long-term reward
value conditioned on any initial state z1.

Nevertheless, in general, a single-agent infinite-horizon
MDP with the discounted utility (17) can be used to approxi-
mate the expected infinite-horizon undiscounted value when𝛾𝜖[0, 1) approaches 1.
𝑉 (z,A) = 𝐸A [∞∑

𝑖=1

(𝛾)𝑖-1 ⋅R (z𝑖,A (z𝑖)) | z1 = z] (17)

Further, we can obtain the optimal state value function V(z)
for any initial state 𝜒 as

𝑉 (z) = 𝑉 (z,A∗) , ∀z ∈Z (18)

In conclusion, each user is expected to learn an optimal
control policy A∗ that maximizes V(z,A), with any initial
state z. The optimal control policy can be described as
follows:

A
∗ = argmax

A

𝑉 (z,A) , ∀z ∈Z (19)

5. Double DQN-Based Edge Cache Strategy

5.1. Reinforcement Learning. Reinforcement learning is a
machine learning algorithm. In other words, it is a way
for an agent to keep trying, to learn from mistakes, and
finally to find patterns. RL problems can be described as
the optimal control decision making problem in MDP. RL
contains many forms, among which Q-learning algorithm
based on tabular learning is commonly used. Q-learning is
an off-policy learning algorithm that allows an agent to learn
through current or past experiences.

In our D2D caching architecture, the agent pertains to the
user senses and obtains its current cache state z𝑖. Then, the
agent selects and carries out an action A(z𝑖). Meantime, the
environment experiences a transition from z𝑖 to a new state
z𝑖+1 and obtains a rewardR(z𝑖,A(z𝑖)).

According to the Bellman Equation, the optimal Q-value
function 𝑄(z,A) can be expressed as (20), where z = z𝑖
is the state at current decision epoch i, and the next state is
z = z𝑖+1 after taking the actionA = A(z𝑖).

𝑄 (z,A) =R (z,A) + 𝛾 ⋅ ∑
z

𝑃𝑟 {z | z,A}
⋅max

A
𝑄(z,A) (20)

The iterative formula of Q-function can be obtained as

𝑄𝑖+1 (z,A)
= 𝑄𝑖 (z,A) + 𝛼𝑖
⋅ (R (z,A) + 𝛾 ⋅max

A
𝑄𝑖 (z,A) − 𝑄𝑖 (z,A))

(21)

where 𝛼𝑖𝜖[0, 1) is the learning rate and the state z𝑖 will turn
to the state z𝑖+1 when the agent chooses action A(z𝑖) along
with the corresponding reward R(z𝑖,A(z𝑖)). Based on (21),
the Q-Table can be used to store the Q value of each state-
action pair when the state and action space dimensions are
not high in theQ-Learning algorithm. We conclude the train-
ing algorithm based on the Q-Learning in Algorithm 1. The
complexity of theQ-learning algorithmdepends primarily on
the scale of the problem.Updating the Q value in a given state
requires determining the maximum Q value for all possible
actions in the corresponding state in the table. In a given
state, if there are 𝑛 possible actions, finding the maximum
Q value requires 𝑛 − 1 comparisons. In other words, if there
are 𝑛 states, the update of the entire Q-table requires 𝑚(𝑛 −1) comparison. Hence, the learning process in Q-Learning
becomes extremely difficult when the scenarios are with huge
network states and action spaces. Therefore, using neural
network to generate Q value becomes a potential solution.

5.2. Double Deep Q-Learning. DQN is the first model that
successfully combines Deep Learning with Reinforcement
Learning. It replaced the Q-table with the neural network,
which effectively solved the complicated and high dimen-
sional RL problems. It comes in many variations, the most
famous of which is Double DQN [29]. In our model, we
use Double DQN to train our DRL agents in users, which
is formed as shown in Figure 2. The Q-function could
be approximated to the optimal Q value by updating the
parameter 𝜏𝑖 of neural network as follows:

𝑄 (z,A) ≈ 𝑄 ((z,A) ; 𝜏𝑖) (22)

Experience replay is the core component of DQN. It actu-
ally is a memory for storing transitions with a finite size𝑁𝑚, and its stored procedures are overridden by loops. It
can effectively eliminate the correlation between training
data. The transition sample can be represented as 𝑇𝑖 =
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Initialization: Q-Table
Iteration:
1: for each episode
2: Initialize z
3: for each step of episode
4: Generatea at random
5: ifa ≤ 𝜀
6: randomly select an action
7: else
8: chooseA(z) using policy derived from 𝑄(z,A)
9: Take actionA(z)
10: ObtainR(z,A(z)) and z

11: Update Q-Table: 𝑄(z,A) ← 𝑄(z,A) + 𝛼 ⋅ (R(z,A) + 𝛾 ⋅maxΦ𝑄(z,A) − 𝑄(z,A))
12: z← z

13: end for
14: end for

Algorithm 1: Q-Learning-based content caching algorithm.
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Figure 2: Illustration of training process.

(z𝑖,A(z𝑖), 𝑅(z𝑖,A(z𝑖)),z𝑖+1), which represents one state
transition. The whole experience pool can be denoted as
M = {𝑇𝑖−𝑁𝑚+1, . . . , 𝑇𝑖}. Note that each DRL agent maintains
two Q networks, namely. Q(z,A; 𝜏𝑖) and 𝑄(z,A; 𝜏𝑖), with
network Q used to choose action and network 𝑄 to evaluate
action. Besides, the counterpart 𝜏𝑖 of network Q periodically
updates the weight parameters 𝜏𝑖 of network 𝑄.

Throughout the training process, the DRL agent ran-
domly samples a minibatch M from the experience replay
M.Then, at each epoch, the networkQ is trained towards the
direction of minimizing the loss function as

𝐿 (𝜏𝑖) = 𝐸(z,A,R(z,A),z)∈M̃𝑖 [(R (z,A) + 𝛾

⋅ 𝑄 (z, argmax
A

𝑄(z,A; 𝜏𝑖) ; 𝜏𝑖))

− 𝑄 (z,A; 𝜏𝑖))2]
(23)

And with (23), the gradient guiding updates of 𝜏 can be
calculated by 𝜕𝐿(𝜏𝑖)/𝜕𝜏𝑖. Hence, Stochastic Gradient Descent
(SGD) is performed until the convergence of Q networks
for approximating optimal state-action Q-function. We con-
clude the training algorithm based on the Double DQN in
Algorithm 2.
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Initialization: Experience replay memoryM, main 𝑄 network with random weights 𝜏, target 𝑄
network with 𝜏 = 𝜏, and the period of replacing target Q network 𝜙.
Iteration:
1: for each episode
2: Initialize z
3 i ← 0
4: for each step of episode
5: 𝑖 ← 𝑖 + 1
6: Randomly generatea
8: ifa ≤ 𝜀
9: randomly select an action
10: else
11: A(z) ← arg maxA(z)𝑄(z,A(z); 𝜏𝑖)
12: Take actionA(z𝑖)
13: ObtainR(z𝑖,A(z𝑖)) and z.
14: Store 𝑇 ← (z,A(z),R(z,A(z)),z) intoM.
15: Randomly sample a mini-batch of transitions M ∈M.
16: Update 𝜏𝑖 with 𝜕𝐿(𝜏𝑖)/𝜕𝜏𝑖.
17: if i== 𝜙
18: Update 𝜏𝑖
19: 𝑖 ← 0
20: z← z

21: end for
22: end for

Algorithm 2: Double DQN-based content caching algorithm.

About algorithm complexity, it mainly includes collect-
ing transitions and executing backpropagation to train the
parameters. Since collecting one transition requires 𝑂(1)
computational complexity, the total computational complex-
ity for collecting 𝐾 transitions into the replay memory is

𝑂(𝐾). Let 𝑎 and 𝑏 denote the number of layers and the
maximum number of units in each layer, respectively. Train-
ing parameters with backpropagation and gradient descent
requires the computational complexity of 𝑂(𝑚𝑎𝑏𝑖) where m
and i denote the number of transitions randomly sampled
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Figure 4: Content popularity.

from the replaymemory and the number of iterations, respec-
tively. Furthermore, the replay memory and the parameters
of the double deep Q-learning model dominate the storage
complexity. Specially, storing 𝐾 transitions needs the about
space complexity of 𝑂(𝐾) while the parameters need the
about space complexity of 𝑂(𝑎𝑏).
6. Experiment

In this section, we evaluate the proposed cache policy
based on the experimental results of the mobile application
Xender.

6.1. DataSet. Xender is a mobile APP that can realize offline
D2D communication activities. It provides a new way to
share diversified content files users are interested in without
accessing 3G/4G cellular mobile networks, largely reducing
repeated traffic load and waste of network resources, as
a result, achieving resource sharing. Currently Xender has
around 10 million daily and 100 million monthly active
users, as well as about 110 million daily content deliver-
ies.

We captureXender’s trace for onemonth (from01/08/2016
to 31/08/2016), including 450,786 active mobile users, con-
veying 153,482 content files, and 271,785,952 content requests
[30]. As shown in Figure 4, the content popularity distribu-
tion in the Xender’s trace can be fitted by MZipf distribution
with a plateau factor of −0.88 and a skewness factor of
0.35.

6.2. Parameter Settings. In our simulations, four BSs are
employed with maximum cover range 250 m, 𝑔𝑢,𝑛 = 30.6 +36.7log10𝑙𝑢,𝑛 in dB [31] is taken as the channel gain model,
and the channel bandwidth of each BS is set as 20 MHz.
The delays of D2D link, BS to MNO and MNO to Internet
are 5ms, 20ms, and 100ms, respectively. Besides, the total

transmit power of BS is 40Wwith serving at most 500 Users.
With respect to the parameter settings of Double DQN, a
single-layer fully connected feed forward neural network,
including 200 neurons, is used to serve as the target and
the eval 𝑄 network. Other parameter values are given in
Table 1.

6.3. Evaluation Results. In order to evaluate the performance
of our caching strategy, we compared it with three classic
cache replacement algorithms.(1) LRU: replace the least recently used content.(2) LFU: replace the least commonly used content first.(3) FIFO: replace the first in content first.

Figure 5 shows the performance comparison of cache
hit ratio, delay, and traffic at F=1000 and C=100M. As we
can see, at the beginning of the simulation, the caching
strategy we proposed was surely at a great disadvantage
among three aspects. But soon the hit rate increased and
stabilized eventually. This is because our reward function
is used to increase the cache hit rate; thus, our DRL agent
is dedicated to maximizing the system hit rate. It can be
seen that our caching strategy is significantly 9%, 12%,
and 14% higher than LRU, LFU, and FIFO in terms of
hit rate, respectively. At the same time, the improvement
of the hit rate has a positive impact on the delay, traffic
indicators, and other indexes. The delay of our strategy is
12%, 17%, and 21% lower than that of LRU, LFU, and FIFO,
respectively. Besides, the traffic saved is 8%, 10%, and 14%,
respectively.

In addition, we explored the effect of content quan-
tity on performance comparison results. We compared the
performance when the number of contents is 1000 and
2000. As shown in Figure 6, it can be inferred that when
the number of contents increases, the convergence of the
algorithm changes and the hit rate decreases. However,
it cannot change the overall trend of the algorithm. Our
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Figure 5: Performance evaluation in terms of hit rate, delay, and traffic with respect to the time.

Table 1: Parameter Value.

𝐹 𝑤[𝑀𝐻𝑧] 𝜎2[𝑑𝐵𝑚] M M 𝛾 𝜖 𝛼 𝜙
Range 1000 200 -95 5000 200 0.9 0.1 0.05 250

caching strategy can still perform optimally in these four
algorithms.

Finally, we explored the effects of learning rate and explo-
ration probability on our algorithm performances. As shown
in Figure 7, learning rate is 0.5 and 0.05 and exploration
probability is 0.1 and 0.5, respectively. It can be seen that both
of these factors have a great impact on the cache strategy,
mainly manifesting in convergence and performance. Thus
large numbers of experiments are performed to find an

appropriate learning rate and exploration probability for the
proposed edge caching scenarios. Hence, in our setting,𝛼 = 0.05 and 𝜖 = 0.1 are selected for achieving better
performance.

7. Conclusions

In this paper, we study the edge caching strategy of layered
wireless networks. Specifically, we use the Markov decision
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Figure 6: Performance comparison between F=1000, F=2000.

process and Deep Reinforcement Learning in the proposed
edge cache replacement strategy. The experimental results
based on actual tracking show that our proposed strategy is
superior to LRU, LFU, and FIFO in terms of hit rate, delay and
traffic offload. Finally, we also explored the impact of learning
rate and exploration probability on algorithm performance.

In the future, we’ll focus more on the user layer’s impact
on cache replacement. (1) In the existing D2D model, the
transmission process of files is not persistent, and complex
user movement will lead to the interruption of content
delivery. In the future, we will consider this factor in the
reward function; (2) The cache replacement process requires
additional costs, such as latency and energy consumption,

all of which should be considered, but how to quantify
these factors in the simulation experiment still needs to be
explored. (3) The computing resources of user devices are
limited. Although Deep Reinforcement Learning can solve
the problem of dimensional explosion, it still requires a
lot of computing resources. Therefore, we will explore the
application of more lightweight learning algorithms in D2D-
aid cellular networks.

Data Availability

The data used to support the findings of this study have not
been made available because commercial reasons.
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“Wireless content caching for small cell and D2D networks,”
IEEE Journal on Selected Areas in Communications, vol. 34, no.
5, pp. 1222–1234, 2016.

[3] T. Rodrigues, F. Benevenuto, M. Cha, K. Gummadi, and V.
Almeida, “On word-of-mouth based discovery of the web,” in
Proceedings of the 2011 ACM SIGCOMM Internet Measurement
Conference, IMC’11, pp. 381–396, November 2011.

[4] J. Song, M. Sheng, T. Q. Quek, C. Xu, and X. Wang, “Learning
based content caching and sharing for wireless networks,” IEEE
Transactions on Communications, vol. 99, pp. 1-1, 2017.

[5] N. Morozs, T. Clarke, and D. Grace, “Distributed heuristi-
cally accelerated Q-learning for robust cognitive spectrum

management in LTE cellular systems,” IEEE Transactions on
Mobile Computing, vol. 15, no. 4, pp. 817–825, 2016.

[6] B. N. Bharath, K. G. Nagananda, and H. V. Poor, “A learning-
based approach to caching in heterogenous small cell networks,”
IEEE Transactions on Communications, vol. 64, no. 4, pp. 1674–
1686, 2016.

[7] M. Srinivasan, V. J. Kotagi, and C. S. R. Murthy, “A Q-
learning framework for user QoE enhanced self-organizing
spectrally efficient network using a novel inter-operator prox-
imal spectrum sharing,” IEEE Journal on Selected Areas in
Communications, vol. 34, no. 11, pp. 2887–2901, 2016.

[8] X. Wang, M. Chen, T. Taleb, A. Ksentini, and V. C. M. Leung,
“Cache in the air: exploiting content caching and delivery
techniques for 5G systems,” IEEE Communications Magazine,
vol. 52, no. 2, pp. 131–139, 2014.

[9] M. Sheng, C. Xu, J. Liu, J. Song, X. Ma, and J. Li, “Enhancement
for content delivery with proximity communications in caching
enabled wireless networks: Architecture and challenges,” IEEE
Communications Magazine, vol. 54, no. 8, pp. 70–76, 2016.

[10] E. Zeydan, E. Bastug, M. Bennis et al., “Big data caching for
networking:moving fromcloud to edge,” IEEECommunications
Magazine, vol. 54, no. 9, pp. 36–42, 2016.

[11] N. Golrezaei, A. Molisch, A. G. Dimakis, and G. Caire, “Femto-
caching and device-to-device collaboration: a new architecture
for wireless video distribution,” IEEE Communications Maga-
zine, vol. 51, no. 4, pp. 142–149, 2013.

[12] N. Golrezaei, K. Shanmugam, A. G. Dimakis, A. F. Molisch,
and G. Caire, “FemtoCaching: Wireless video content delivery
through distributed caching helpers,” in Proceedings of the IEEE
Conference on Computer Communications, INFOCOM2012, pp.
1107–1115, March 2012.

[13] B. Han, X.Wang, N. Choi, T. Kwon, and Y. Choi, “AMVS-NDN:
Adaptivemobile video streaming and sharing inwireless named
data networking,” in Proceedings of the 2013 IEEE Conference on
Computer Communications Workshops (INFOCOMWKSHPS),
pp. 375–380, April 2013.

[14] K. Shanmugam, N. Golrezaei, A. G. Dimakis, A. F. Molisch,
andG.Caire, “FemtoCaching: wireless content delivery through



12 Wireless Communications and Mobile Computing

distributed caching helpers,” IEEE Transactions on Information
Theory, vol. 59, no. 12, pp. 8402–8413, 2013.

[15] X. Li, X. Wang, S. Xiao, and V. C. Leung, “Delay performance
analysis of cooperative cell caching in future mobile networks,”
in Proceedings of the 2015 IEEE International Conference on
Signal Processing for Communications (ICC), pp. 5652–5657,
June 2015.

[16] S. H. Chae, J. Y. Ryu, T. Q. Quek, and W. Choi, “Cooperative
transmission via caching helpers,” in Proceedings of the GLOBE-
COM 2015 - 2015 IEEE Global Communications Conference, pp.
1–6, San Diego, CA, USA, December 2015.

[17] J. Gu,W.Wang, A. Huang, H. Shan, and Z. Zhang, “Distributed
cache replacement for caching-enable base stations in cellular
networks,” in Proceedings of the 2014 1st IEEE International
Conference on Communications, ICC 2014, pp. 2648–2653,
Australia, June 2014.

[18] C. Wang, S. Wang, D. Li, X. Wang, X. Li, and V. C. Leung,
“Q-learning based edge caching optimization for D2D enabled
hierarchical wireless networks,” in Proceedings of the 2018 IEEE
15th International Conference on Mobile Ad Hoc and Sensor
Systems (MASS), pp. 55–63, Chengdu, China, October 2018.

[19] P. Rodriguez, C. Spanner, and E. W. Biersack, “Analysis of web
caching architectures: Hierarchical and distributed caching,”
IEEE/ACM Transactions on Networking, vol. 9, no. 4, pp. 404–
418, 2001.

[20] H. Che, Y. Tung, and Z. Wang, “Hierarchical web caching
systems: modeling, design and experimental results,” IEEE
Journal on Selected Areas in Communications, vol. 20, no. 7, pp.
1305–1314, 2002.

[21] K. Poularakis and L. Tassiulas, “On the complexity of optimal
content placement in hierarchical caching networks,” IEEE
Transactions on Communications, vol. 64, no. 5, pp. 2092–2103,
2016.

[22] J. Dai, Z. Hu, B. Li, J. Liu, and B. Li, “Collaborative hierarchical
caching with dynamic request routing for massive content dis-
tribution,” in Proceedings of the IEEE Conference on Computer
Communications, INFOCOM 2012, pp. 2444–2452,March 2012.

[23] E. Bastug, M. Bennis, and M. Debbah, “Living on the edge:
the role of proactive caching in 5G wireless networks,” IEEE
Communications Magazine, vol. 52, no. 8, pp. 82–89, 2014.

[24] M. Hefeeda and O. Saleh, “Traffic modeling and proportional
partial caching for peer-to-peer systems,” IEEE/ACM Transac-
tions on Networking, vol. 16, no. 6, pp. 1447–1460, 2008.

[25] S. Wang, Y. Zhang, H. Wang, Z. Huang, X. Wang, and T. Jiang,
“Large scale measurement and analytics on social groups of
device-to-device sharing in mobile social networks,” Mobile
Networks and Applications, vol. 23, no. 2, pp. 203–215, 2017.

[26] A. Balasubramanian, B. Levine, and A. Venkataramani, “DTN
routing as a resource allocation problem,” in Proceedings of the
ACM SIGCOMM 2007: Conference on Computer Communica-
tions, pp. 373–384, August 2007.

[27] X. Chen, L. Jiao, W. Li, and X. Fu, “Efficient multi-user compu-
tation offloading formobile-edge cloud computing,” IEEE/ACM
Transactions on Networking, vol. 24, no. 5, pp. 2795–2808, 2016.

[28] T. H. Cormen, C. E. Leiserson, R. Rivest et al., An Introduction
to Algorithms, MIT Press, Cambridge, MA, USA, 2nd edition,
2001.

[29] H. V. Hasselt, A. Guez, and D. Silver, “Deep reinforcement
learning with Double Q-learning,” in Proceedings of the AAAI,
pp. 2094–2100, 2016.

[30] X. Li, X. Wang, P. Wan, Z. Han, and V. C. Leung, “Hierarchical
edge caching in device-to-device aided mobile networks: mod-
eling, optimization, and design,” IEEE Journal on Selected Areas
in Communications, vol. 36, no. 8, pp. 1768–1785, 2018.

[31] 3GPP, “Further advancements for E-UTRA physical layer
aspects (release 9),” Tech. Rep. 36.814 V1.2.0, 2009.



Review Article
A Survey on Deep Learning Techniques in Wireless
Signal Recognition

Xiaofan Li ,1,2 Fangwei Dong ,2 Sha Zhang,1,2 andWeibin Guo2

1State Radio Monitoring Center and Testing Center, Beijing, China
2Shenzhen Institute of Radio Testing and Tech, Shenzhen, China

Correspondence should be addressed to Fangwei Dong; dongfangwei@srtc.org.cn

Received 16 November 2018; Accepted 30 January 2019; Published 17 February 2019

Guest Editor: Huaming Wu

Copyright © 2019 Xiaofan Li et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Wireless signal recognition plays an important role in cognitive radio, which promises a broad prospect in spectrum monitoring
and management with the coming applications for the 5G and Internet of Things networks. Therefore, a great deal of research and
exploration on signal recognition has been done and a series of effective schemes has been developed. In this paper, a brief overview
of signal recognition approaches is presented. More specifically, classical methods, emerging machine learning, and deep leaning
schemes are extended from modulation recognition to wireless technology recognition with the continuous evolution of wireless
communication system. In addition, the opening problems and new challenges in practice are discussed. Finally, a conclusion of
existing methods and future trends on signal recognition is given.

1. Introduction

With the increasing innovation in wireless communication
system, numerous wireless terminals and equipment are
constantly emerging, which has brought profound changes to
our daily life. Unfortunately, the limited spectrum resource
can hardly meet the ever-changing demand of the coming
5G [1] and Internet of Things (IoT) networks [2], which
poses a significant challenge to the spectrum utilization and
management. The Federal Communications Commission
(FCC) and European Union (EU) authorities have attached
high priority to spectrum policy and committed to fur-
ther improve the performance of spectrum sensing as well
as signal recognition algorithms to satisfy the demand of
spectrum management. Some concepts including dynamic
spectrumaccess (DSA) and cognitive spectrum-sharing tech-
niques have aroused widespread discussions in academia.
However, much work is limited to specific scenarios and
poor in adaptability to the different channel conditions and
device types. Therefore, new spectrum sensing schemes and
novel signal recognition mechanisms have attracted more
and more attention, which pave the way to cognitive radio
(CR) [3].

Wireless signal recognition (WSR) has great promise on
military and civilian applications [4], which may include
signal reconnaissance and interception, antijamming, and
devices identification. Generally, WSRmainly includes mod-
ulation recognition (MR) and wireless technology recog-
nition (WTR). MR also known as automatic modulation
classification (AMC) is first widely used in military field and
later extended to civilian field. MR classifies radio signals by
identifying modulation modes, which facilitates to evaluate
wireless transmission schemes and device types. What is
more, MR is capable of extracting digital baseband informa-
tion even under the condition of limited prior information.
Recently, WTR attracts much attention with the various
wireless communication technologies emerging and develop-
ing. Wireless technology usually contains various technical
standards, not just a single modulation mode. Moreover,
different technical standards may adopt the same modulation
mode. WTR is able to leverage more comprehensive features
to identify technical standards, which has important practical
significance in current increasingly tense electromagnetic
environment. In addition, the estimation of some parameters,
such as frequency, bandwidth, and symbol rate, may also
contribute to WSR. Due to the variety and complexity of
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signal transmission mechanisms, it is difficult to recognize
complex signals by only estimating single or few parameters.
Therefore, the MR and WTR technologies are focused in this
paper.

Traditional algorithms of MR could mainly be separated
into two groups: likelihood-based (LB) and feature-based
(FB) approaches [5]. LB approaches are based on hypoth-
esis testing theory; the performance based on decision-
theoretic is optimal but suffers high computation complexity.
Therefore, feature-based approaches as suboptimal classifiers
were developed for application in practice. In particular,
the feature-based approaches usually extracted features for
the preprocessing and then employed classifiers to real-
ized modulation classification. Conventional FB approaches
heavily rely on the expert’s knowledge, which may per-
form well on specialized solutions but poor in generality
and suffer high complexity and time-consuming. To tackle
these problems, machine learning (ML) classifiers have been
adopted and shown great advantages, for example, support
vector machine (SVM) in [6]. Although ML methods have
the advantage of classification efficiency and performance,
the feature engineering to some extent still depends on
expert experience, resulting in degradation of accuracy rate.
Therefore, the self-learning ability is very important when
confronted with unknown environment. A new dawn seems
to have arrived, since the DL performs very well in computer
vision (CV) [7], machine translation (MT) [8], and natural
language processing (NLP) [9]. DL architecture has also
been introduced to MR, for instance; the convolutional
neural networks (CNN) model is employed in modulation
classification without expert feature extraction [10], which
demonstrates excellent performance both on efficiency and
accuracy.

On the other hand, current communication systems tend
to be complex and diverse, various new wireless technologies
are constantly updated, and the coexistence of homogeneous
and heterogeneous signals is entering a new norm. As a
result, the detection and recognition of complex signals will
be confronted with new dilemma, and the methods for
signal recognition are needed to keep up with the pace.
Fortunately, some literature on WTR has emerged, in which
ML and DL model with explicit features have also been done
to realize the recognition of specific wireless technologies.
Meanwhile, some emerging applications are been explored,
such as base station detection, interfere signals recognition,
and localization in mobile communication network [11].

In this paper, the need of deep learning in signal recog-
nition is reviewed in Section 2. Section 3 introduces the
modulation recognition with various approaches. In Sec-
tion 4, wireless technology recognition is presented. Opening
problems are discussed in Section 5. Section 6 concludes the
paper.

2. Need of Deep Learning in Wireless
Signal Recognition

2.1. Wireless Signal Recognition. With the continuous expan-
sion of military and civilian needs, communication systems

Wireless signal recognition

Modulation recognition
Wireless technology recognition

Frequency and bandwidth
estimation

Symbol rate evaluation

· · ·

Figure 1: Wireless signal recognition.

Input Layer Hidden Layer Output Layer

Figure 2: Neural network framework.

and electromagnetic environments have greatly changed over
the past decades; the capability of detection and recognition
of communication signals has also made significant progress
and gradually become maturity. Generally, communication
signal recognition takes advantage of some signal parameters
to classify or identify the types of signals. These techniques
may include frequency and bandwidth estimation, symbol
rate evaluation, modulation type classification, and wire-
less technology identification, which could be collectively
referred to as wireless signal recognition as shown in Figure 1.
In this paper, we are concerned with the current two main
technologies, namely, MR and WTR. MR commits to realize
the modulation type recognition so as to evaluate wireless
transmission schemes and device types, while WTR takes
wireless technology identification as object for improving
interference management and electromagnetic environmen-
tal assessment.

2.2. Definition of DL Problem. The concept of DL originates
from the research on artificial neural network [12] and the
goal is to understand data by mimicking the mechanism of
the human brain [13]. The basic neural network framework
consists of three parts: input, hidden, and output layer and
is shown in Figure 2. Hidden layers maybe one layer or
multilayer, and each layer consists of several nodes. The
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Table 1: ML VS DL in wireless signal recognition.

Leaning model Machine learning Deep learning

Application scenarios (i) small signal data (i) high-dimensional signal data
(ii) signal under relatively ideal conditions (ii) good feasibility in real field environment

Algorithms

(i) ANN [26, 37]
(ii) KNN [38, 91]
(iii) SVM [6, 27, 47, 48, 92]
(iv) Naı̈ve Bayes [39]
(v) HMM [46]
(vi) Fuzzy classifier [93]
(vii) Polynomial classifier [40, 94]

(i) DNN [24, 30, 31, 61]
(ii) DBN [49, 63]
(iii) CNN [17, 19–21, 54, 64, 65, 70, 73–
76, 79, 81, 82, 95, 96]
(iv) LSTM [29, 69]
(v) CRBM [53]
(vi) Autoencoder network [50, 62]
(vii) Generative adversarial networks [66, 67]
(viii) HDMF [71, 72]
(ix) NFSC [78]

Pros (i) works better on small data
(ii) low implementation cost

(i) simple pre-processing
(ii) high accuracy and efficiency
(iii) adaptive to different applications

Cons

(i) time demanding
(ii) complex feature engineering
(iii) depends heavily on the representation of the data
(iv) prone to curse of dimensionality

(i) demanding large amounts of data
(ii) high hardware cost

…

b
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Figure 3: Hidden layer node.

node presented in Figure 3 is the basic operational unit, in
which the input vector is multiplied by a series of weights
and the sum value is fed into the activation function 𝑓.
These operational units contribute to a powerful network,
which could realize complex functions such as regression
and classification. In fact, the study of DL makes substantial
progress by Hinton in 2006 [14], which causes a great
sensation. DL architecture is comprised of many stacked
layers of neural networks, emphasizing the learning from
successive layers to obtain more meaningful information or
high-level representations. The fundamental idea is to utilize
feedback information to iteratively optimize weight value
in multilayer neural networks. Moreover, the layers with a
relatively large scale will bring about amazing effects. Due to
the superior performance, DL has been employed on a wide
variety of tasks including CV, MT and NLP.

2.3. FromML to DL. AlthoughML is not a new field, with the
explosive growth of the amount of data and the development
of hardware technologyMLhas been one of research hotspots

in both academe and industry [15, 16]. Recently, ML has also
made great strides in signal recognition. ML works well on
automatic signal classification for small signal dataset under
relatively ideal conditions [17]. Most algorithms are easy to
interpret and have the advantage of low implementation cost.
While for a high-dimensional dataset, machine learning is
prone to curse of dimensionality and the complex feature
engineering is time demanding. In terms of algorithm theory,
ML has a risk of falling into local optimum, which may lead
to great performance degradation. Furthermore, ML models
are trained for specific solutions and lack of generality in
different real field environments. To overcome these issues,
DL is developed and achieves high accuracy and efficiency
[18]. Owing to multilayered artificial neural networks, DL
needs few data preprocessing and shows adaptive to different
application scenarios. A comparison between ML and DL is
summarized in Table 1.

2.4. Advantage of DL Applied in Wireless Signal Recogni-
tion. The perfect combination of DL and signal recognition
possesses notable superiority. On the one hand, large-scale
data is essential for the training process in DL model,
which is accessible to get for various communication pieces
of equipment in daily life. On the other hand, feature
engineering can be left out in DL architecture, which is
an indispensable part for conventional recognition schemes.
Feature selection from the received signal is usually difficult
in practical applications. For example, the prior information
is essential in the estimation of many parameters, which
may be impractical or inaccurate [19]. Although some FB
approaches perform well in certain solutions, the feature
selection may suffer high complexity and time-consuming,
so the feature self-learning model is of great significance for
realistic scenarios to free from expert experience [20]. In
addition, with the further improvement ofDL algorithms and
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theory research, more application prospects will be excavated
for signal recognition in future communications systems [21].

3. Modulation Recognition

Modulation recognition has attracted much attention in last
decades; quite a few scholars have presented a variety of
excellent approaches, which can be approximately separated
into two categories: LB [22, 23] and FB approaches, as shown
in Figure 4. Theoretically, the LB approaches are capable of
obtain optimal performance by considering all the unknown
quantities for the probability density function (PDF) and
are usually employed as the theoretical upper bound for
the performance comparison of modulation recognition.
However, such approaches are burdened with high com-
putational complexity and are prone to mismatching when
applying the theoretical system model to the actual scene. To
consider the effects of frequency offset and time drift, a large
number of computational operations bring about extremely
high complexity in maximum likelihood-based detector
[24].

To tackle the problem of high complexity in practice,
a large number of suboptimal approaches come into being.
The FB approaches usually extract certain features from the
received signal; then reasonable classifiers are used to classify
different modulation signals. Since the training samples
are employed to train a good classifier, the robustness of
FB approaches is significantly improved for various system
models and channel conditions. In addition, effective features
and enough training data are also significant for improving
classification accuracy.

To reduce the difficulty in expert-feature extraction and
enhance the flexibility for modulation classification applied
in different system and channel fading environment, DL is

applied for self-feature learning based on the I/Q raw data or
sampling data.

In the following, we introduce the feature-based
approaches and feature learning approaches in modulation
recognition.

3.1. Feature-Based Approaches. These features can be sum-
marized as follows: instantaneous time features, statistical
features, transform features, other features including con-
stellation shape, etc. The feature-based approaches are more
robust and general for various signals. When combined with
deep learning methods, the feature-based approaches will
provide a significant improvement in the performance with
high efficiency and robustness.

3.1.1. Instantaneous Time Features. Generally, instantaneous
time features consist of a series of parameters, namely, carrier
amplitude, phase, and frequency. These parameters and the
variation of them are developed to modulation classification.
Nine key features are summarized in the Table 2.

In [25], the authors use eight key features in the recog-
nition procedure and compare with some manually selected
suitable thresholds to classify both analogue and digital
modulation signals.

Unlike the previous approaches with manual thresh-
old, machine learning has been developed to improve the
performance and reduce tedious threshold operations. To
choose the threshold automatically and adaptively, artificial
neural networks (ANN) is employed in some literature.
In [26], a universal ANN was proposed for analogue as
well as digital modulation types classification with nine key
features employed. Although ANN has achieved success
in modulation recognition, its overdependence on training
sample data and easily getting into a local optimum restrict
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Table 2: Instantaneous time features [26].

Feature Definition description
𝛾𝑚𝑎𝑥 Maximum value of the power spectral density of the normalized-centered instantaneous amplitude
𝜎𝑎𝑝 Standard deviation of the absolute value of the nonlinear component of the instantaneous phase
𝜎𝑑𝑝 Standard deviation of the direct value of the nonlinear component of the instantaneous phase
𝜎𝑎𝑎 Standard deviation of the absolute value of the normalized-centered instantaneous amplitude
𝜎𝑎𝑓 Standard deviation of the absolute value of the normalized instantaneous frequency
𝜎𝑎 Standard deviation of the normalized-centered instantaneous amplitude
𝑃 Spectrum symmetry
𝜇𝑎42 Kurtosis of the normalized instantaneous amplitude
𝜇𝑓42 Kurtosis of the normalized instantaneous frequency

the performance and application, while the support vector
machines (SVM) can effectively alleviate these problems. In
[27], the straightforward ordered magnitude and phase were
adopted by SVM classifier. The proposed method is close to
the theoretical upper bound and has an advantage of easy
implementation.

Recently, deep learning as an extension of ANN is
showing its great potential in modulation recognition [28].
Complex features are learned by multiple hidden layers,
so the processing of input data could be simpler in deep
learning schemes. A new model Long Short Term Memory
(LSTM) has been applied to modulation recognition, which
is suitable for processing the time series data with relatively
long intervals or delays [29].The time domain amplitude and
phase data were employed in the model without complex
feature extraction. Simulations show that the method could
achieve high classification accuracy at varying SNR condi-
tions.The flexibility of the proposedmodel was also validated
in scenarios with variable symbol rates. Unlike the existing
methodswhich only focus onmodulation types classification,
in [30, 31], they propose a novel scheme for classifying
modulation format and estimating SNR simultaneously. The
asynchronous delay-tap plots are extracted as the training
data and two multilayer perceptron (MLP) architectures are
adopted for real-world signal recognition tasks.

3.2. Statistical Features. Moments, cumulants, and cyclosta-
tionarity will be introduced as following.

3.2.1. Moments and Cumulants. In mathematics, moments
are employed to describe the probability distribution of a
function. The p-th order and q-th conjugations moment [32]
for a received signal 𝑦(𝑛) can be given as

𝑀𝑝𝑞 = E [𝑦 (𝑛)𝑝−𝑞 (𝑦∗ (𝑛))𝑞] (1)

where E[∙] is expectation operator and (∙)∗ is complex
conjugate. Although moments have been widely used in
the field of signal process for the advanced ability on noise
suppression, most practical applications tend to cumulants
for its superiority on non-Gaussian random processes.

Table 3: Cumulants formulas.

Cumulants Formulas
𝐶40 𝑀40 − 3𝑀220
𝐶41 𝑀41 − 3𝑀21𝑀20
𝐶42 𝑀42 − 𝑀202 − 2𝑀221
𝐶60 𝑀60 − 15𝑀20𝑀40 + 30𝑀320
𝐶63 𝑀63 − 6𝑀20𝑀41 − 9𝑀42𝑀41 + 18𝑀220𝑀21 + 12𝑀321
𝐶80 𝑀80 − 35𝑀240 − 28𝑀60𝑀20 + 420𝑀40𝑀220 − 630𝑀420

In statistical theory, cumulants are made up of moments
and can be regarded as an alternative to the moments.
Commonly used cumulants are expressed in Table 3.

Cumulants are often employed for modulation classifica-
tion to against the carrier offsets and non-Gaussian noise.
In [33], fourth-order cumulants were utilized in the task
of signal classification. Higher-order cumulants (HOC) are
conducive to further enhance the performance and extend
the range of recognition signals. In [34], sixth-order cumu-
lants show significantly performance improvement than the
fourth-order cumulants. In [35], eighth-order cumulants are
employed to distinguish between 8PSK and 16PSK signal.
Additionally, higher-order cyclic cumulants are developed to
further expand the signal types including 256-QAM in [36].

Somemethods combined cumulants withmachine learn-
ing for modulation classification have been proposed in
recent works, such as ANN, K-Nearest Neighbor (KNN),
SVM, Näıve Bayes (NB), and polynomial. To improve the
performance, two updated ANN training algorithms are pre-
sented in [37]. KNN is attractive due to its easy implement. In
[38], the authors propose a KNN classifier using cumulants-
based features of the intercepted signal. Satisfactory perfor-
mance was verified by numerous simulations. SVM has great
potential on the recognition of small-scale and high dimen-
sional dataset. Another interesting scheme combined HOC
with SVM is presented for digital modulation classification
in NB model originates from classical mathematical theory
and the major advantages lie in simplicity and less sensitive
to missing data. In [39], the authors proposed a new scheme
combined HOCwith NB classifier. Simulations indicated that
the NB classifier was superior to both Maximum Likelihood
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and SVM model on computational complexity and close to
SVM on performance. To further reduce the complexity, a
novel AMC system based on polynomial classifier was pre-
sented in [40]. Second, fourth and sixth HOCwere utilized to
classifyM-PSK andM-QAM signals with low computational
complexity. In addition, a comprehensive comparison among
KNN, SVM, NB, and the proposed polynomial classifier
combined with extraction of higher order cumulants features
is carried out in [41]. The proposed method achieves good
tradeoff in terms of accuracy and structure simplicity.

3.2.2. Cyclostationarity. A cyclostationary process is a signal
whose statistical characteristics change periodically with time
[42]. Cyclostationarity is an inherent physical property of
most signals, which is robust against noise and interference
[43]. Spectral correlation function (SCF) is usually used to
examine and analyze the cyclostationarity of the signal [44]
and can be defined as

𝑆𝛼𝑥 (𝑓) = lim
Δ𝑓→∞

lim
Δ𝑡→∞

1
Δ𝑡

⋅ ∫
Δ𝑡/2

−Δ𝑡/2
Δ𝑓𝑋1/Δ𝑓 (𝑡, 𝑓 + 𝛼2) ⋅ 𝑋

∗
1/Δ𝑓 (𝑡, 𝑓 − 𝛼2) 𝑑𝑡

(2)

where

𝑋1/Δ𝑓 (𝑡, V) = ∫
𝑡+1/2Δ𝑓

𝑡−1/2Δ𝑓
𝑥 (𝑢) 𝑒−𝑖2𝜋V𝑢𝑑𝑢 (3)

is the complex envelope value of 𝑥(𝑡) corresponding to the
frequency V and the bandwidth Δ𝑓 and 𝛼 represents cyclic
frequency and Δ𝑡 is the measurement interval.

As a continuation, the spectral correlation function of
digitally modulated signals was provided in [45]. Hidden
Markov Model (HMM) was employed to deal with the
features extracted from the cycle frequency domain profile
in [46]. Simulations show that the presented model was
able to classify the signals at a range of low SNRs. Another
classification scheme with spectral correlation feature and
SVM classifier is developed in [47]. The results demonstrate
that the algorithm is robust under the condition of low SNR
and maintain high accuracy. In [48], four features based
on spectral correlation were selected for SVM classifier. The
proposed method performs more efficiently in low SNR and
limited training data.

Deep learning methods employed spectral correlation
function features have been applied to signal classification.
In [24], the method using 21 features of baseband signal
and a full-connected DNN model is proposed to recognize
five modulation mechanisms. The simulations verify that the
proposed algorithm outperforms the ANN classifier under
various channel conditions. Deep Belief Network (DBN) is
introduced to pattern recognition tasks in [49]. With spectral
correlation function (SCF) signatures, the DBN classifier
achieves great success in the field of modulation classification
in various environments. In [50], cyclic spectrum statistics
are also adopted in the signal preprocessing and a stacked
sparse autoencoder and softmax regression with DL model

are employed to recognize communication signals. The com-
parison of the proposed methods and several traditional
machine learning schemes was analyzed by simulations.
Another modulation classification method for very high fre-
quency (VHF) signal is presented in [20].The received signals
are transformed into cyclic spectrum; then the denoised
spectrum images are fed into CNN model to self-learn the
inner features and train classifier to recognize modulation
formats finally.

3.3. Transform Features

3.3.1. Fourier Transform. Fourier transform is a significant
technique in signal processing and analysis. For most signals,
frequency domain analysis is more convenient and intuitive
than time domain, and the Fourier transform provides
convenience in decomposing a function of time (a signal)
into the frequencies. In [51], in order to analyze the signal
modulation method, discrete Fourier transform (DFT) and
the calculated amplitude and phase values were employed to
classify MFSK,MPSK signals. In [52], a classifier adopted fast
Fourier transform (FFT) has been proposed to classify the
received MFSK signal.

Joint time-frequency transforms play an important
role in characterizing time-varying frequency information,
which could compensate for the insufficiency of the one-
dimensional solution and process the time and frequency
characteristics simultaneously. The short time-frequency
transform (STFT) is known as a classical time-frequency
representation and has been widely adopted in signal pro-
cessing. In [53], a novel learning scheme with STFT fea-
tures based on DL is proposed, which could automatically
extract features and dodecision-making in complexmissions.
The performance of the proposed method is verified in
the spectrum application of classifying signal modulation
type. In [54], the authors propose a DCNN method that
transforms modulation mode to a new time-frequency map
and successfully recognize the hybrid communication signals
under low SNR condition.

3.3.2. Wavelet Transform. Compared with the Fourier trans-
form, the wavelet transform (WT) can provide the frequency
of the signals and the time associated to those frequencies,
which offers refined local signals analysis and low computa-
tions. The paper [55] proposed a WT modulation classifier
without requiring any a priori knowledge. The combination
of WT and SVM is a popular scheme in modulation identifi-
cation. The wavelet kernel function and SVM for modulation
recognition is employed in [56]. The proposed method is
capable of classifying BPSK,QPSK, andAMsignalswith good
accuracy. The paper extended the SVM classifier with key
features of WT to recognize 8 kinds of digital modulated
signals.

In [57], the authors use higher-order statistical moments
features based on continuous WT and multilayer feed-
forward neural network for modulation recognition. Taking
into account for various distracters including different SNR,
fading channels, and frequency shift, the authors in [17]
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propose an improved CNN architecture based on [10], in
which the pooling layer is employed to retain principal
components and reduces the dimension of features. The
recognition rate and performance are further enhanced by
wavelet denoising technology and appropriate order of the
wavelet transformation.

3.3.3. S Transform. S transform (ST) has unique advantages
in possessing both the phase and frequency estimations of the
FT and the super-resolution of theWT [58]. Early application
of the ST was in electrical power networks with power quality
analysis. In [59], ST based features extraction for digital
modulation classification was presented. A comparison with
the WT was given by employing different machine learning
classifiers.

3.4. Other Features

3.4.1. Constellation Shape. In digital modulation, the con-
stellation is usually used to map the signal into scattered
points.The constellation diagram provides an intuitive way to
represent signal basic structure and the relationship between
different modulation modes. In [60], the constellation shape
was employed as a reliable signature to realize digital modu-
lation recognition.

DL has been effectively used in constellation-based
approaches for automatic modulation classification. In [61,
62], the authors use the DL network combined with IQ
components of constellation points as features. In [63], a
simple graphic constellation projection (GCP) scheme for
AMC is presented. Unlike FB approaches, the AMC task
is turned to image recognition technology. Reference [64]
proposed a DL-based intelligent constellation analyzer that
could realize modulation type recognition as well as OSNR
estimation. The authors utilized CNN as DLmodels and treat
constellation map as original processing features. Due to the
automatic feature extraction and learning, CNN is capable
of processing original constellation distribution without the
knowledge of any other parameters. In [21, 65], the signals
were transformed to the images with topological structure
and the CNN algorithm was used to deal with the classi-
fication. In [66], the authors explore a new framework for
generating additional images in CNN training through using
auxiliary classifier generative adversarial networks (ACGAN)
for data augmentation to solve the modulation classification
problem. Reference [67] extended a new semisupervised
learning model combined with generative adversarial net-
works (GANs). The proposed scheme was verified to be a
more data-efficient classifier.

3.4.2. Zero Crossing. A zero-crossing sampler is used for
recording the number of zero-crossing voltages of input
signals, which could provide precise information about phase
conversion in wide frequency range. Therefore, the zero-
crossing of the signal can also be applied to modulation
classification. The paper [68] develops a modulation recog-
nition algorithm with zero-crossing techniques. Both the
phase difference and the zero-crossing interval histograms

are employed as features. The recognizer could identify CW,
MPSK, and MFSK signals with a reasonable classification
accuracy.

3.5. Feature Learning. Feature learning is based on the raw
data or sampling data instead of crafting of expert features.
A recently proposed AMC scheme based on DL model
takes advantage of CNN classifier [10]. The time domain IQ
samples are directly fed to CNNmodel and suitable matched
filters can be learned automatically in different SNRs. In
[69], the classification accuracy of CNN architectures with
different sizes and depths was analyzed. The authors also
provided a hybrid learning scheme, which combines CNN
model and long short term memory (LSTM) network to
achieve better classification performance. Reference [70]
constructs a CNN model with 5 layers for the recognition
of very high frequency signals. Simulation and actual signals
are verified that the frequency offset and noise have a great
impact on accuracy. Reference [19] proposed a novelmodel to
obtain the estimation of the frequency offset as well as phase
noise for improving accuracy rate. To further improve the
performance of CNN-based recognition schemes in [10], the
authors present a signal distortion correction module (CM)
and results show that this CM+CNN scheme achieves better
accuracy than the existing schemes. In [71, 72], a heteroge-
neous deep model fusion (HDMF) approach is proposed,
and the two different combinations between CNN and LSTM
network without prior information are discussed. The time-
domain data are delivered to fusionmodel without additional
operations. The results show that the HDMF approach is
an excellent alternative for a much better performance in
heterogeneous networks.

4. Wireless Technology Recognition

Various radio pieces of equipment make an increasing short-
age of spectrum resources. As a result, the interference for
transmissions is unavoidable in a coexistence environment,
which leads to a decline in spectrum efficiency. What is more
serious is that the diversity of communication technologies
and heterogeneous networks cause a more complex electro-
magnetic environment. Therefore, the recognition of signal
technology is of great significance in spectrum sharing and
interference management.

Similar to MR, the feature-based approaches can also be
developed for WTR. Due to the development of machine
learning and deep learning, WTR favors explicit features,
such as time, frequency, and time-frequency features. The
literature related to DL in MR and WTR is summarized in
Table 4.

4.1. Time Domain Features. Time features are the most
explicit representation of a signal, such as amplitude, phase,
and even IQ raw data, and can be obtained easily. In [73],
the author uses time domain features such as IQ vectors
and amplitude/phase vectors to train CNN classifiers. The
results demonstrate that the proposed scheme is well suited
for recognizing ZigBee, WiFi, and Bluetooth signals. In



8 Wireless Communications and Mobile Computing

Table 4: Summary of DL in wireless signal recognition.

Modulation recognition Wireless technology recognition

Algorithms

(i) DNN [24, 30, 31, 61]
(ii) DBN [49, 63]
(iii) CNN [17, 19–21, 54, 64, 65, 70, 95]
(iv) LSTM [69]
(v) CRBM [53]
(vi) Autoencoder network [50, 62]
(vii) Generative adversarial networks [66, 67]
(viii) HDMF [71, 72]

(i) CNN [73–76, 79, 81, 82, 96]
(ii) LSTM [29]
(iii) NFSC [78]

[74], the amplitude and phase difference representation were
employed for CNN training procedure. The results indicate
that the recognition of radar signals has been realized suc-
cessfully with the proposed scheme even under the condition
of LTE and WLAN signals coexisting at the same time.
Reference [75] extended the deep CNN model for radio
signal classification by heavily tuning deep residual networks
based on previous works. A discussion was carried on the
robustness of the proposed model under different channel
parameters and scales of training sets. Reference [76] pro-
posed a radio fingerprinting method, which adopted CNN
model and IQ dataset for network training. Their method is
capable of learning inherent signatures from different wire-
less transmitters, which are useful for identifying hardware
devices. The results demonstrated that the proposed method
outperformed ML methods in the recognition of 5 same
hardware devices.

4.2. Frequency Domain Features. In contrast to time features,
frequency features contain more useful characteristics, such
as bandwidth, center frequency, and power spectral density,
which are essential for wireless technology recognition. What
is more, effective frequency domain data can greatly alleviate
the problems of data transmission and storage in actual
deployment process.

As one of machine learning, fuzzy classifier has been
concerned in wireless technology recognition. In [77], a
new fuzzy logic (FL) method was presented to recognize
WLAN, BT, and FSK signals. The power spectral density
(PSD) information was used to get the bandwidth and
center frequency for labelling the signals corresponding to
standards. Results demonstrated that the proposed strategy
is efficient for explicit signal features extraction. Likewise,
neurofuzzy signal classifier (NFSC) to recognize nanoNET,
WLAN, Atmel, and BT signals by utilizing measured PSD
information is presented in [78]. Results show that the perfor-
mance is improved by using wideband and narrowband data
acquisition modes in real-time coexistence environments.

As a way forward, deep learning has also been developed
in recent literatures. In [73], the time-domain data was
also mapped into frequency-domain representation by FFT.
Results show that the CNN model trained on FFT data
has significant improvement in accuracy compared to time
domain features. Similarly, a reduced CNN model with
frequency-domain data is proposed in [79]. The approach
is capable of identifying several common IEEE 802.x signals

in coexistence. Simulations indicate that the performance
of reduced CNN model is superior to most state-of-the-
art algorithms. In [29], the authors explore the combination
of averaged magnitude FFT processing and LSTM model
with distributed sensor architecture. The result shows that
the proposed scheme could classify DVB, GSM, LTE, Radar,
Tetra, and WFM signals.

4.3. Time-Frequency Domain Features. Time-frequency dis-
tribution has unique advantages in the comprehensive anal-
ysis of signals. In [80], frequency-time representations such
as spectral bandwidth, temporal width, and center frequency
are extracted for neural networks. In [81], the authors applied
CNNs to identify IEEE 802.x protocol family operating the
ISM band. The time-frequency power values with matrix
form were fed into the CNN classifier for data training. The
result indicates that the CNN model outperforms traditional
machine learning techniques. A semisupervised model based
on CNN is developed in [82]; a series of time-slices spec-
trum data with pseudolabels scheme are trained in CNN.
Experiments show that this model performs well in devices
recognition, even at the condition of fewer labeled data in
training process.

5. Opening Problems in Signal Identification

Although in last decades, large amounts of literatures have
proposed various schemes for signal recognition, it cannot
be denied that the technology makes little sense in real
electromagnetic environment. Many papers are based on
ideal assumptions, such as AWGN channel or enough prior
knowledge, and the identified signals are limited to a set
of several known types. DL is the tendency in future, but
large-scale training data are required to get rid of overfitting
and attaching precise labels to large-scale data is difficult
to accomplish, especially in a short time. Semisupervised
and unsupervised mechanisms can be explored to alleviate
tedious label operations for DL model in the future. More
innovative technologies and solutions are envisaged in future
research.

5.1. Burst Signal Recognition. Burst signal has been widely
used in military field and there will be broad prospects for
dynamic spectrum access in the future. The burst signal
has the characteristics of short duration and uncertainty of
starting and ending time, which poses great challenges to
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signal recognition [83–85]. Generally, the processing flow of
signal recognition includes data acquisition, preprocessing,
classification, and decision. The high quality labels have a
crucial role for a satisfactory recognition accuracy but are
relatively time-consuming in burst communication systems.
Therefore, there are still research prospects on the identifying
burst signals.

5.2. Unknown Signal Recognition. In the present literatures,
the type of signal to be recognized is assumed to be within
a known set and few literatures are capable of coping with
unknown signals. Even if the spectral characteristics and
background noise are obtained in practical situations, it is
unrealistic to know the set of signal types in advance and
unexpected interference may occur at any instant [86, 87].
Many proposed approaches lack universality for the signals
outside of the set. So a comprehensive set of signal types
or a more reasonable model design may be needed for the
unknown signal recognition.

5.3. Coexistence Signal Recognition. Signal monitoring and
interference management under the condition of multisignal
coexistence have attracted much attention recently [88, 89].
With the advent of 5G and the IoT commercialization,
crowded spectrum resources are likely to lead to an overlap of
multiple signals.Moreover, the increasing types of signals and
diverse wireless networks will undoubtedly bring challenges
on the signal recognition in the coexistence environment
[90]. Predictably, the recognition of homogeneous and het-
erogeneous signal in an overlapped bandwidth may be a
novel development trend of signal recognition and highly
effective and accurate DL algorithms will create a new
centre.

6. Conclusion

In this paper, an overview of modulation recognition
and wireless technology recognition is presented. Signal
recognition has made considerable progress on both the-
ory and practice in traditional fields of device identifica-
tion and interference detection. It is noticeable that the
area of signal recognition has extended from modulation
recognition to wireless technology recognition. With the
development of machine learning and deep learning, sim-
ple feature extraction in the preprocessing and even raw
data are becoming a trend to realize signal recognition.
However, many works are based on ideal assumption or
some known conditions and most results are obtained by
simulations. There is still a long way for signal recog-
nition in real electromagnetic environment and practical
application.
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Because the existing approaches for diagnosing sensor networks lead to low precision and high complexity, a new fault detection
mechanism based on support vector regression and neighbor coordination is proposed in this work. According to the redundant
information about meteorological elements collected by a multisensor, a fault prediction model is built using a support vector
regression algorithm, and it achieves residual sequences. Then, the node status is identified by mutual testing among reliable
neighbor nodes. Simulations show that when the sensor fault probability in wireless sensor networks is 40%, the detection accuracy
of the proposed algorithm is over 87%, and the false alarm ratio is below 7%. The detection accuracy is increased by up to 13%, in
contrast to other algorithms. This algorithm not only reduces the communication to sensor nodes but also has a high detection
accuracy and a low false alarm ratio. The proposed algorithm is suitable for fault detection in meteorological sensor networks with
low node densities and high failure ratios.

1. Introduction

Wireless sensor networks (WSNs) consist of a large number
of sensor nodes, which are small and low-cost.WSNs are used
to sense physical conditions, collect and process information
about the objects in the coverage area, and send information
to the observer for further processing and analysis [1–4]. To
date, WSNs have been widely used in many critical fields,
such as environmental surveillance, emergency navigation,
traffic monitoring, and industrial control [5, 6]. Because
of the limited computing capacity and energy of wireless
meteorological sensor network nodes as well as the complex
characteristics and real-time data of meteorological informa-
tion, unexpected faults appear in nodes after long run times
[7]. Therefore, detecting sensor nodes with faulty readings,
which can greatly improve the performance of the wireless
sensor network, is necessary.

Rajasegarar et al. proposed a distributed, nonparamet-
ric anomaly detection algorithm that identifies anomalous

measurements at nodes based on data clustering [8]. They
use a hyperspherical clustering algorithm and the k-nearest
neighbor scheme to collaboratively detect anomalies in wire-
less sensor network data. A localized fault identification
algorithm in wireless sensor networks is studied by Ding et
al. [9]; this is a distributed fault detection algorithm, where
each sensor node compares its own sensed data with the
median of neighboring data to identify its own fault status.
The performance of localized diagnosis algorithm is limited
due to the uneven nature of the nodes in wireless sensor
networks. Daniel et al. proposed a classification based voting
method for anomaly detection [10] that uses five different
classifiers to detect anomalies with reliable estimations to
replace the affected measurements. This method fails in cases
where a large dataset is considered.

The literature also indicates that the fault recognition rate
of current fault detection algorithms inWSNs decreases with
high failure rates. Many fault detection methods exploit the
difference between the readings of neighbor nodes because a
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sensor node’s readings are similar to a neighboring node’s data
in many applications. However, most readings cause excess
overhead. This paper proposes a new approach, distributed
fault detection for wireless sensor networks based on support
vector regression, which can improve the accuracy of the
fault diagnosis algorithm. It uses weather data from sensors
in WSNs as the data set and is combined with the neighbor
collaboration method to createset up a new support vector
machine model forecast system. The proposed algorithm
can save the overhead due to the frequent interactions
between nodes. It makes better use of the characteristics of a
meteorological sensor network to improve the fault diagnosis
accuracy, which is more suitable for sparseWSNs, even when
the failure rate is very high. The contributions of this paper
are summarized as follows:

(i) Aiming to solve the problems of the low accuracy and
high complexity of the existing fault diagnosis meth-
ods used for wireless meteorological sensor networks,
a fault diagnosis method based on support vector
regression and neighbor cooperation is proposed.

(ii) The proposed model uses the residuals generated by
the redundant spatiotemporal meteorological values
between different sensor nodes and neighbor coop-
eration methods to improve the accuracy of fault
diagnosis algorithms and save the overhead generated
due to the frequent interactions between nodes.

(iii) The experimental results show that the accuracy of
the proposed algorithm is greater than 87% and that
the accuracy of fault detection is improved by nearly
13%.The proposed algorithm has high fault detection
accuracy and a low false alarm rate, and it reduces the
node traffic. It is more applicable for wireless weather
sensor networks with a sparse node distribution and
high failure rate.

The remainder of this article is organized as follows.
Section 2 presents related works on fault detection forWSNs.
Section 3 introduces distributed fault detection algorithms
based on support vector regression andmultisensor coopera-
tion. Section 4 presents the experimental settings and evalu-
ation metrics and theoretically analyzes the performance of
the presented methods. Finally, this article is concluded in
Section 5

2. Related Work

The fault detection of wireless sensor networks can be
divided into centralized detection and distributed detection,
according to the tasks. In general, for a low information
flow, centralized fault detection technology is simple to
implement and easy to use, and it can effectively locate
the failure node; this technology is suitable for small-
scale meteorological sensor networks. However, its short-
comings are even more obvious: its main problems are
the central node bottleneck, near-central node heat issues,
delays, wireless channel congestion, and poor system scal-
ability. Therefore, for meteorological sensing networks with
large networks and limited available resources, to reduce

the system energy consumption and ensure the system
reliability, the distributed detection method is generally
considered.

The distributed fault detection algorithm mainly adopts
the idea of local decision-making. The node compares the
local collected weather information and the information
collected from neighboring nodes; the algorithm finally
determines whether have a fault. The distributed fault detec-
tion method does not need to send all of the information to
the central node. Instead, each node in the sensor network
completes the fault detection task in the network either
independently or partially. In the distributed fault detection
algorithm, the node can performmore decisions locally, thus
further reducing the amount of traffic generated by the data
sent to the central node. This also balances the amount of
message interaction in the network and reduces both the
energy consumption and network congestion; furthermore,
the life of the entire network is extended.

Distributed fault detection is applicable to most meteoro-
logical sensor networks and is the future trend of fault detec-
tion [11–16]. Reference [17] proposed a typical distributed
fault detection (DFD) algorithm. The DFD algorithm com-
putes the similarity of the data sensed by neighboring nodes
concurrently to determine the initial state of the node.
The state and neighbor nodes test each other to determine
whether a node is faulty and spreads the diagnosed result
to its neighboring nodes, but the DFD method must cause
the node to communicate with neighboring node three times
and then determine the state of the node, resulting in a
large amount of data communication; therefore, the DFD
algorithm must consume large amounts of energy.

In recent years, many scholars have proposed a number
of improved distributed fault detection methods based on the
DFD algorithm [18–27]. References [28–32] show that when
the number of neighboring network nodes is small and the
probability of node failure is large, the DFD algorithm per-
formance will decrease sharply because the DFD algorithm
judges too harshly if the node is normal condition. Therefore,
[32] improved theDFDalgorithmandmodified the judgment
conditions of the final state of DFD algorithm. References
[33, 34] proposed a distribution adaptive sensor network fault
detection mechanism based on the DFD algorithm. They
further introduced the concept of the reliability level, based
on the credibility of the neighboring node, which selects the
trusted node and compares the data from the local node
to determine the node status. References [35, 36] proposed
a fault detection mechanism in which historic data and
neighbors cooperate and fuse. First, a root node is selected.
If the root node is normal, it is used as a reference node when
the network node status is judged; if the root node is a fault,
the root node is reselected from the remaining nodes, and the
state is determined until the reference node is found. Then,
the reference node is used to make a decision on the state of
the neighbor node. If the neighboring node is normal, it is
used as a reference node.The neighbors are then determined;
if the neighbor fails, it cannot be used as a reference node. To
complete the determination of the status of all network nodes,
the fault detection algorithm is used again on the nodes that
still have an unknown status.
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In addition to the fault detection method based on the
voting mechanism of neighbor nodes, Min D proposed a
median-based fault detection algorithm that used the data
collected by neighboring nodes to sort the data sequence and
obtains intermediate data from the sequence. The obtained
value compares the value with the data collected by the
node. If the difference exceeds the threshold, the node
fails. Reference [30] proposed a method for distributing
the detection tasks for the typical clustering structure of a
sensor network. The fault detection method in each unit
cluster uses the periodic data exchange between cluster heads
and neighboring cluster head nodes until cluster head fault
detection is completed.Within a cluster, the cluster head node
is responsible for periodically broadcasting, detecting, and
locating faulty nodes.

Currently, most fault detection technologies used in
meteorological sensor networks are based on the distributed
method.The distributed fault detection algorithm distributes
the computational cost over all of the nodes in the network,
and the decentralized features make it self-organized, so the
characteristics of improving resource efficiency and facili-
tating implementation are very suitable for the application
requirements of a meteorological sensor network. However,
on the one hand, the distributed method based on the voting
strategy often has a large amount of additional communi-
cation overhead; on the other hand, in a network with a
low node distribution density and a high failure rate, the
performance of the traditional distributed methods is greatly
reduced. In a large-scale meteorological sensor network,
the traditional distributed fault detection method has the
problem that its detection performance decreases sharply and
its energy consumption increases.

The SVM classifier has gained popularity due to its
optimum solution and its simple numerical comparison for
data classification. Several SVM-based approaches have been
proposed [37–40] for anomaly detection in WSNs. Based on
the above analysis, the fault detection rate of the traditional
fault detection algorithm decreases rapidly when the fault
detection rate is high. When implementing the traditional
distributed algorithm, the high performance of the detection
is achieved by using multiple methods of communication
between neighbor nodes. With a large amount of extra
overhead, a distributed node fault detection algorithm based
on support vector machine regression prediction model
is proposed. Through the meteorological sensors carried
on the nodes of the wireless weather sensor network, the
meteorological elements are collected to construct a support
vector machine regression algorithm prediction model, and
residuals are generated using redundant information con-
cerning the time and space of meteorological element values
between different sensors in a node. In combination with
neighbor cooperation methods, the accuracy of the fault
detection algorithm is improved, and the overhead generated
by the frequent interaction between nodes is saved. Thus,
the characteristics of meteorological sensor networks are
better used to improve the fault detection accuracy, thus
making the algorithm more suitable for wireless weather
sensor networks with sparse nodes and high sensor failure
rates.

3. Distributed Fault Detection Based on
Support Vector Regression

3.1. Support Vector Regression. SVR (Support Vector Regres-
sion) was originally introduced under linear and divisible
conditions and was developed as an effectual way to solve
prediction problems [41]. Consider a set of training data
(𝑥𝑖, 𝑦𝑖), (𝑖 = 1, 2, . . . , 𝑛), which are historical perception
data from sensors, where n is the total number of data
points. The original inputs are first mapped into a high-
dimensional feature space by nonlinear mapping 𝜙, and the
linear regression function is produced:

𝑦 = 𝑤 ⋅ 𝜙 (𝑥) + 𝑏 (1)

where the dimension w is the dimension of the feature space.
The resolutions of w and b are transformed into a convexity
quadratic programming problem:

min
𝑤,𝑏,𝜁

1
2 ‖
𝑤‖2 + 𝐶

𝑛

∑
𝑖=1

(𝜁𝑖 + 𝜁
∗
𝑖 )

𝑦𝑖 − 𝑤 ⋅ 𝜙 (𝑥𝑖) − 𝑏 ≤ 𝜀 + 𝜁𝑖

𝑠.𝑡. 𝑤 ⋅ 𝜙 (𝑥𝑖) + 𝑏 − 𝑦𝑖 ≤ 𝜀 + 𝜁𝑖

𝜁𝑖, 𝜁
∗
𝑖 ≥ 0, 𝑖 = 1, 2, . . . , 𝑛

(2)

SVR can solve small sample problems and has good gen-
eralization ability when using the principles of structural
risk minimization. The constant C>0 is a punishment coef-
ficient. 𝜁𝑖 and 𝜁∗𝑖 are the slack variables. Meanwhile, the
Lagrangian multipliers 𝛼𝑖 and 𝛼∗𝑖 are introduced to analyze
a quadratic programming (QP) problem with linear state
inequality constraints. Then, the above optimization problem
is transformed into its dual form:

max 𝐿 (𝑤, 𝑏)

= −1
2
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∗
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∗
𝑖 ≤ 𝐶

(3)

where 𝐾(𝑥𝑖, 𝑥𝑗) is the kernel function [42]. By using the
kernel function idea, this theory can change a problem in
nonlinearity space into one in linearity space to reduce the
algorithm complexity. The regressive function is denoted as
follows:

𝑓 (𝑥) =
𝑛

∑
𝑥𝑖∈𝑆𝑉

(𝛼𝑖 − 𝛼
∗
𝑖 )𝐾 (𝑥𝑖, 𝑥) + 𝑏 (4)

where SV is the support vector set.
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3.2. Multisensor Cooperation. A node in a WSN, which has
multiple sensors, collects different types of environmental
information, such as temperature, humidity, light, and carbon
dioxide concentration. Some of the types of environmental
information from the same node have close correlations. In
addition to the node collection of meteorological elements,
voltage is an important parameter in fault diagnosis.Thenode
voltage has an obvious effect on the temperature and other
meteorological elements. Therefore, the proposed algorithm
produces multiple estimates by setting up a multiple SVR
forecast model.These estimates are compared with the resid-
ual sequences, which come from meteorological elements.
For temperature, humidity, and voltage, we build two SVR
prediction models, 𝑆𝑉𝑅1 and 𝑆𝑉𝑅2, with three types of data,
which have a redundant relationship in time and space. 𝑆𝑉𝑅1
builds the SVR prediction model with a sample consisting
of temperature and humidity. The current moment for k is
set, and the sample consisting of past continuous data is as
follows:

𝑥𝑘 = (𝑇𝑘−1, 𝑇𝑘−2, . . . , 𝑇𝑘−𝑙, 𝐻𝑘, 𝐻𝑘−1, . . . , 𝐻𝑘−𝑙+1) (5)

where 𝑇𝑘−1, 𝑇𝑘−2, . . . , 𝑇𝑘−𝑙 are the temperature from moment
k-1 to k-l and𝐻𝑘, 𝐻𝑘−1, . . . , 𝐻𝑘−𝑙+1 are denoted as the humid-
ity from moment k to k-l+1. The temperature values from
moment k-2 to k-l and the humidity values from k-1 to k-
l+1 are used as the input samples; the temperature value at
k-1 is used as the output sample. The estimated value 𝑇𝑘 from
𝑆𝑉𝑅1 is a function of temperature and humidity at the past
moment:

𝑇𝑘 = 𝑓 (𝑇𝑘−1, 𝑇𝑘−2, . . . , 𝑇𝑘−𝑙+1, 𝐻𝑘, 𝐻𝑘−1, . . . , 𝐻𝑘−𝑙+2) (6)

𝑆𝑉𝑅2 builds the SVR prediction model with a sample that
consists of the temperature and voltage. The current moment
for k is set, and the sample consists of past continuous data as
follows:

𝑥𝑘
∗ = (𝑇𝑘−1, 𝑇𝑘−2, . . . , 𝑇𝑘−𝑙, 𝑉𝑘, 𝑉𝑘−1, . . . , 𝑉𝑘−𝑙+1) (7)

where 𝑉𝑘, 𝑉𝑘−1, . . . , 𝑉𝑘−𝑙+1 are denoted as the voltage from
moment k to k-l+1. The estimated value 𝑇𝑘


from 𝑆𝑉𝑅2 is a

function of temperature and voltage at the past moment:

𝑇𝑘
 = 𝑓 (𝑇𝑘−1, 𝑇𝑘−2, . . . , 𝑇𝑘−𝑙+1, 𝑉𝑘, 𝑉𝑘−1, . . . , 𝑉𝑘−𝑙+2) (8)

We produce two estimated values of the temperature 𝑇𝑘 and
𝑇𝑘

atmoment k after training the SVR forecasting model and

compare the results with the real data from the temperature
sensor to produce the residual sequence:

𝐸1 = 𝑇𝑘 − 𝑇𝑘


𝐸2 = 𝑇𝑘 − 𝑇𝑘

𝐸3 = 𝑇𝑘
 − 𝑇𝑘

(9)

The prediction model can accurately output the tempera-
ture values 𝑇𝑘 and 𝑇𝑘


, according the effective history data

collected by the sensors. If the data from the temperature
sensors cause an exception at moment k, the residual 𝐸1 and
𝐸2 are above the threshold value 𝜃1, and 𝐸3 basically shows
no change. We update the predictions with the actual data if
the residual of the parameters from the nodes is less than the
threshold parameters. The forecast model prepares the next
prediction.

3.3. Distributed FaultDiagnosis Algorithm. InWSNs, because
of the time-space continuum of the environmental factors
and the densely deployed nodes, a node has the characteristic
of spatial similarity with its nearby nodes; that is, the nearby
nodes are likely to have similar measurements. Nodes in the
monitoring area will affect the accuracy of the fault diagnosis
algorithm when an event occurs. As a result, the algorithm
given in this paper is combined with the fault diagnosis
and neighbor coordination methods and introduces the
credibility evaluation mechanism. The credibility of nodes
comes not only from their own sensory information but
also from the judgment of the sensory information by the
neighbor nodes, which effectively eliminates the influence of
the fault node.

We consider thatN sensor nodes are randomly placed in a
unit square field. Without loss of generality, we suppose that
the location of each node is known and that all nodes have
the same communication radius R. The average number of
nodes within a transmission range is the node density used
to illustrate the number of neighboring changes. Each node
can communicate with other nodes by one-hop ormultihops.
Nodes are assumed to be neighboring nodes if they are in each
other’s coverage radius. Each node periodically broadcasts its
measurements or decision, such as temperature, humidity, air
pressure and wind speed, to all its neighbors. The WSNs are
modelled as the system graph G(V,E), where V represents a
set of nodes in WSNs and E represents a set of logical links
between nodes. Let 𝑑𝑖𝑠𝑡(𝑠𝑖, 𝑠𝑗) denote the distance between
node 𝑠𝑖 and node 𝑠𝑗; then, E is based on the following
definition:

𝐸 = {(𝑠𝑖, 𝑠𝑗) ∈ 𝑉
2 | 𝑑𝑖𝑠𝑡 (𝑠𝑖, 𝑠𝑗) ≤ 𝑅} (10)

Thenodeswithin the transmission range of node 𝑠𝑖 belong
to the neighborhood 𝑁(𝑠𝑖), 𝑁(𝑠𝑖) ⊂ 𝑁. We apply fault
detection to node 𝑠𝑖 at each t timestamp. The measurement
of node 𝑠𝑖 at t time is denoted as 𝑥𝑖𝑡. Assume that the
neighborhood 𝑁(𝑠𝑖) of node (𝑠𝑖) consists of Negi sensor
nodes; that is, 𝑠𝑗 ∈ 𝑁(𝑠𝑖), 𝑗 = 1, . . . 𝑁𝑒𝑔𝑖.

First, we use the trust level 𝜆𝑗 for the node 𝑠𝑗 ∈ 𝑁(𝑠𝑖).
Each node has the same trust level at first, and we set
𝜆𝑗 = 𝜆𝑚𝑎𝑥. We adjust the trust level of nodes within the
neighborhood by using the fault diagnosis mechanism based
on support vector machine regression. If the meteorological
elements are above the threshold value, then 𝜆𝑗 = 𝜆𝑗 − 1.

Otherwise, we transmit the predicted value 𝑥𝑗𝑘+1 and the trust
level 𝜆𝑗 to node 𝑆𝑖. We denote the weight value for the fault
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detection caused by the sensor data of the neighbor node 𝑠𝑗
as 𝜔𝑗:

𝜔𝑗 =
𝜆𝑗
𝑆𝑈𝑀

(11)

where SUM is the sum of the trust levels of all nodes within
the neighborhood.

For node 𝑆𝑖, we use the fault diagnosis mechanism based
on support vector machine regression to get the prediction
data of the next moment. We calculate the failure level
indicator by the space-time correlation between nodes in
wireless sensor networks:

𝑓𝑖 =

�̂�𝑖𝑘+1 −

𝑁𝑒𝑔𝑖

∑
𝑗=1

𝜔𝑗 ⋅ �̂�
𝑗

𝑘+1


(12)

If 𝑓𝑖 > 𝜃2, the trust level 𝜆𝑖 = 0, and node 𝑠𝑖 fails. Otherwise,
the predicted value is updated by the actual value and the
forecast model to prepare the next prediction.

4. Simulation

We experiment in MATLAB to assess the performance of the
proposed approach.TheWSNs contain 200 nodes in a square
region of 30 × 30 units. Each sensor is randomly placed in a
unit grid. The measurements of the nodes in the normal area
are subject to a Gaussian distribution. The data from Intel
lab are used in the experiment [43], including temperature,
humidity, and voltage, as the experimental data. We use the
tile radial primary kernel function and set 𝜆𝑚𝑎𝑥 = 10, 𝜃1 =
0.5, 𝜃2 = 0.375. The performance of the proposed DSFD
(Distributed SVR Fault Detection) algorithm is evaluated and
compared with the existing DFD algorithm in [17] in terms
of the detection accuracy (DA) and false alarm rate (FAR)
in the network. All experiments are repeated 100 times, and
data for analysis are the averaged to ensure the statistical
significance of the experiments. To assess the effect of faulty
node identification, two indicators are usually employed:
detection accuracy and false alarm rate.

4.1. Detection Accuracy. Detection accuracy (DA) refers to
the ratio of the number of correctly identified faulty nodes
to the total number of actual fault nodes:

𝐷𝐴 = |𝐹|
|𝑄|

(13)

where F is the set of fault nodes which the algorithm has
detected and Q is the set of actual fault nodes.

We compare two algorithms in terms of detection accu-
racy under different sensor density configurations in Figures
1 and 2, respectively. When the failure rate is lower than
25%, the fault detection precisions of the two algorithms
are greater than 91%. With an increase in the node failure
rate, the fault detection precisions of the two algorithms
are decreased, but the DSFD algorithm has a higher fault
detection accuracy than does the DFD. However, we can
see that with a decrease in node density, the performance
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Figure 1: Fault sensor detection accuracy when the average degree
is 5.
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Figure 2: Fault sensor detection accuracy when the average degree
is 10.

of each algorithm improves. Taking Figure 1 as an example,
when the sensor fault probability is higher than 40%, the
fault detection accuracy of DSFD algorithm is still over 87%,
which is an improvement of 13% over the DFD algorithm.
The DFD algorithm first determines the node’s initial state
by comparing the data from its neighborhood nodes with
itself; then, the status of the node is determined according
to the initial state of the node and the adjacent nodes. This
might occur because when the fault rate is high and the
number of neighbors is large, the misdiagnosis rate of DFD
is high. The DSFD algorithm constructs a support vector
machine regression forecasting model with historical data
and accurately determines the fault node. The DSFD adds
the reference objects according to the correlation between
multiple sensors on nodes to reduce dependence on the
neighbor nodes.
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Figure 3: Fault sensor false alarm rate when the average degree is 5.
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Figure 4: Fault sensor false alarm rate when the average degree is
10.

4.1.1. False Alarm Rate. The false alarm rate (FAR) refers to
the ratio of the number of normal nodes that are mistaken as
fault nodes to the total number of normal nodes:

𝐹𝐴𝑅 = |𝐹 − 𝑄|
|𝑁 − 𝑄|

(14)

where N is the total number of nodes in the WSNs.
Figures 3 and 4 show the false alarm rate against the

sensor fault probability for different average number of
neighbors. They indicate the performance of each algorithm
at densities of 5 and 10. From the two figures, we can see
that, with an increase in the sensor fault probability, the false
alarm rate of each algorithm increases. The higher the fault
probability is, the higher false alarm rate is. As Figure 3 shows,
the false alarm rate of DSFD is 14.7%; it is still below 7%
when the sensor fault probability is 40%.This occurs because
the DFD algorithm diagnoses all nodes in the monitoring
field and uses many sampling times by comparing the sensed

data from neighbor nodes. Many of the sensor tests of good
sensors are likely faulty, so these good sensors are then diag-
nosed as faulty sensors. However, the DSFD algorithm not
only uses the collaborative operation of neighboring peers but
also combines the support vector machine (SVM) regression
algorithm with the information redundancy between the
sensors in the wireless sensor network. The proposed DSFD
algorithm avoids the misdiagnosis caused by the number of
neighbor nodes and the incorrect data from neighbor nodes,
thereby achieving high detection accuracy.

5. Conclusion

In this paper, we modelled and analyzed a fault diagnosis
mechanism based on support vector machine regression
among sensor observations in wireless sensor networks
according to the redundant information of meteorological
elements collected by multisensors. The fault prediction
model is built using a support vector regression algorithm
to achieve residual sequences. The proposed algorithm out-
performs previous DFD in terms of faulty sensor detection
accuracy and false alarm rates. The fault detection algorithm
achieves high detection accuracy and low false alarm rates,
which are more suitable for sparse WSNs, even when the
failure rate is very high.
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