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Smart device users spend most of the fragmentation time in the entertainment applications such as videos and films. The
migration and reconstruction of video copies can improve the storage efficiency in distributed mobile edge computing, and the
prediction of video hits is the premise for migrating video copies. This paper proposes a new prediction approach for video hits
based on the combination of correlation analysis and wavelet neural network (WNN). This is achieved by establishing a video
index quantification system and analyzing the correlation between the video to be predicted and already online videos. Then, the
similar videos are selected as the influencing factors of video hits. Compared with the autoregressive integrated moving average
(ARIMA) and gray prediction, the proposed approach has a higher prediction accuracy and a broader application scope.

1. Introduction

At present, smart device users spend more than 70% of the
fragmentation time in the entertainment applications such
as videos and films. The video content providers (e.g.,
Netflix) desire to know the future video view counts of all
their videos, especially the new ones, to provide a better
experience for consumers. In the era of the 5G-based mobile
edge computing, the explosive increase of video resources
requires placing multiple copies to the edge of the network
for better performance [1-3]. The distributed model brings
many problems for video service providers, such as how to
keep the storage efficiency and improve the energy efficiency
of storage [4, 5]. The key to solve these problems is to ef-
fectively manage data copies and data nodes [6-8]. The
current popular cloud storage platforms generally use a
static storage mechanism, that is, setting the number of
copies before placing them, such as Google File System [9],
Hadoop Distributed File System (HDEFS) [10], and Amazon

Dynamo [11]. The static placement of copies is easy to
implement, but it may lead to unbalanced access. For ex-
ample, it is found that 90.26% of the data in Yahoo’s Hadoop
Cluster can only be accessed within two days after con-
structing, 89.61% of the data from the last access to deletion
do not exceed 10 days, and 40% of the data have a dormant
period (not accessed) for more than 20 days [12].

The current research [13] shows that the migration and
reconstruction of video copies is an effective means to
improve the storage efficiency, and the prediction of the
number of video hits is the prerequisite for migrating video
copies. There are many data prediction and recommenda-
tion approaches [14, 15]; however, they do not consider the
fine-grained granularity of every video copy and cannot
provide the required information for migration and re-
construction of video copies. Additionally, the videos oc-
cupy a high proportion of storage space and have more rich
attributes, and the trend of video hits is influenced by various
factors, which are difficult to predict accurately. Based on the
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combination of correlation analysis and wavelet neural
network (WNN), this paper proposes a new prediction
approach for video hits by analyzing the correlation between
the video to be predicted and already online videos, and
selecting the similar videos as the influencing factors.

2. Related Work

2.1. Feature Analysis of Video Copies. A video copy covers a
variety of attributes, such as news, teaching, and viewing,
and it is the most representative type of data copies which are
stored on the cloud. The existing hits prediction are coarse-
grained (see Figure 1(a)), and they do not consider the fine-
grained hits of every copy and cannot provide information
for migration and reconstruction of video copies. The
prediction approach that provides the hits of video copies is
an urgent problem.

Figure 1(a) shows the trend of a long-timescale (in
months) from March 2014 to February 2015. The reason for
the smooth rising during the first few months is that
“Transformers 4” released on June 2014 stimulates the
previous series and even related science fiction series. From
the short-timescale (in weeks) counterpart in Figure 1(b), it
is found that the video hits have a certain periodicity and
autocorrelation. This means that the video hits are affected
by the hits of other similar videos. Therefore, the following
are the general directions to follow to predict video hits: the
short learning time of time series data and the small number
of available parameters.

2.2. Existing Prediction Approaches. With more requirement
of new entertainment, various prediction approaches for
guaranteeing quality of service (QoS) have attracted in-
creasing attention in recent years [16, 17]. Zhang et al. [18]
proposed a covering-based quality prediction method for
web services via neighborhood-aware matrix factorization.
Qi etal. [15] proposed a novel privacy-aware data fusion and
prediction approach for smart city industrial environment,
which is based on the classic locality-sensitive hashing
technique. Zhang et al. [19] proposed a distributed edge QoS
prediction model with privacy-preserving for the edge
computing networks. However, these works are from
macroscopic point and cannot apply to the hits prediction of
video copies which requires a micro perspective.

The autoregressive integrated moving average
(ARIMA) model is based on the autocorrelation of time
series, which is characterized by the fact that the first and
the time series are broad and stable. Additionally, if the
value of the individual data does not fluctuate up and down
in the sequence mean value, ARIMA can do smooth
processing of the original data through differential way. In
this way, even if the data have a certain degree of fluctu-
ation, the prediction accuracy can be achieved through the
smooth processing. Therefore, ARIMA 1is suitable for
prediction of the data with the flat trend and feature of
linear wide stationary processes. It is often used in network
traffic prediction [20, 21], while the traffic of each data copy
has a more fine-grained granularity.
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Gray prediction is a knowledge acquisition method with
incomplete or uncertain data [22]. It processes the original
data through the analysis of the difference degree of the
changes in the system factors and predicts the future data by
establishing the gray differential prediction model based on a
small amount of information. Gray prediction model applies
to the situation that the video copy is just launched into the
market, which has little original data. These two methods
seem to be feasible, but because of the video copy of the
fluctuations in many factors, we analyze this video from the
factors.

This paper considers the fact that the number of hits for
each video is closely related to its similar videos. This is
achieved by analyzing the principal components of the
sources of the video viewing modes. For example, a sys-
tematic quality correlation model was proposed that de-
scribed three different types of quality correlations between
services [23]. Logically, there are some relevant video rec-
ommendations after watching a certain video on the web,
and the recommendation and impact of the associated
videos are the principal components of video-on-demand.
By investigating and analyzing the Storm website, after a
video is watched, the average viewing rates of the top three
similar videos recommended by Storm are 47%, 30%, and
25%, respectively. The average value of the recommendation
results comes from 200 videos which are randomly sampled
from the Storm website. This means that when the total
number of viewers remains stable, it is possible to infer the
number of potential viewers of a certain video in the future,
according to the current number of viewers of its similar
videos. There exists delay during the process, and it is es-
sential for intelligent analysis. This paper applies the wavelet
neural network to predict future video hits. The wavelet-
based neural network replaces the activation function of
hidden nodes with wavelet function. In recent years, several
researches applied the wavelet neural network model to
predict network traffic [24], but the hits prediction of video
copies is a more micro perspective. The key to solve this
problem is to inversely deduce the videos that are used as
prediction-relevant parameters, according to the video to be
predicted.

2.3. Selection of Associated Videos. The choice of related
video in this paper is divided into two steps: the first step is to
select 12 videos that are similar to the video to be predicted;
the second step further reduces the parameter dimension,
from the similarity of the video selecting the highest degree
of relevance of the four.

2.3.1. Similar Video Selection. Similar video selection is in
the same type of videos through the establishment of vector
space model (VSM) to calculate and select the level of the
video, the degree of the audience, the type of video, the age of
the audience, the influence of the producers, etc., and then
refine and quantify the score between 0 and 100, as shown in
Table 1.

Let m; and m, be the video objects to be compared, and
Svofore et , f be the attributes of every object. The similarity
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FiGure 1: The hits trend of “Transformers 3.” (a) The trend of “Transformers 3” from 2014.3 to 2015.2. (b) The trend of “Transformers” from

2014.9 to 2015.2.

TaBLE 1: Video attribute rating scale.

Production Actor The audience high Bachelor >Master’s Ages 20-30 30-50 >50 Vlclieo
company level school< degree degree 20< rating
m; 80 90 30 60 10 32 56 6 6 72
my 80 920 20 76 14 16 70 9 5 80
ms 70 80 10 70 20 17 65 12 6 83
between m; and m, can be calculated by using the attributes TaBLE 2: Comparison on the video hits.
of video objects. The values of the video attribute f; corre-
dine t d 4 ted b db tivel x1 x2 x3 x4 x5 x6
sponding to m; and m, are denote a;and b;, respectively.
Bp using su : ort ef:tor machine }ES\lfM) ;he Eimilarity 48101 26773 34708 849620 228982 5319
by § SubPp P v oot b &1 e 31’ 49052 27698 46100 824476 231698 4018
etween 11, and m, denoted by Sim (1m,,m;), is calculate 49702 27389 60668 822595 253113 4282
as follows: 52146 26822 61768 743477 256318 4341
Sim (m,,m,) = mMy-my, L s e e
»iR2) = 29694 86084 58727 236572 104088 3480
(G RS
(1)
- Yi(a; xb)
2 2
\/Ziai x Xb;
Xy Xy Xin
From equation (1), we can calculate the most similar 12
videos, in order to further reduce the dimension, and from X = X Xy oo Xy 2)

the 12 videos to select the most relevant video as a prediction
parameter.

2.3.2. Correlation Degree Analysis. Table 2 shows the hits of 6
sample videos within 10 days, where x1 is from 2014.10.26 to
2014.11.24, and the data of x2, . . ., x5 cover the time span from
2014.10.20 to 2014.11.18. x1 is the video to be predicted, which
can be obtained by the hits of other videos in the last week.

The calculation of the association degree can be divided
into the following steps.

Step 1: standardize the data in Table 2, where x, y
represent longitudinal data and horizontal data, re-
spectively. The sample mean of j-th video is

Y, =(Um¥PLY;(=1L2..... , n ) ; through it, we
can calculate the sample variance of j-th video: S? =
(Um-1) Y (V=Y (=1, 2, ... , n); stan-

dardized formis X;; = (Y;; - Y)/S j- After standardized
calculation, we have

Xy Xpp - X

mn

Step 2: calculate the correlation matrixR = (7;;),m
7ii = Yhor XXkl (n=1), (i, j=1,2...,m); then we
can analyze the correlation between the videos after
getting the correlation matrix, as shown in Table 3, in
which the x1 is the video that needs to be predicted; x2,
x3, x4, x5, x6 is the similar video that needs to be
analyzed for the degree of change.

From 12 similar videos, select the correlation matrix
and x1 closest to the four videos used as predictive video;
the above matrix is the first batch to be compared with
video x1; it is clear that x4, x5, and x1 are highly correlated
with clicking playback. In this way, select the videos x3-x5
and use the current number of hits to predict the hits of
video xI.
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TaBLE 3: Correlation matrix of videos.
x1 x2 x3 x4 x5 x6

x1 1.0000 —-0.4893 0.3744 0.8808 0.9149 0.3654
x2 -0.4893 1.0000 —-0.0046 -0.3993 -0.4509 -0.1175
x3 0.3744 —0.0046 1.0000 0.0990 0.3364 0.3366
x4 0.8808 —0.3993  0.0990 1.0000 0.9322 0.0689
x5 0.9149 —-0.4509 0.3364 0.9322 1.0000 0.0785
x6 0.3654 —-0.1175 0.3366 0.0689 0.0785 1.0000

2.4. Wavelet Neural Network. Neural networks are often
used to predict and analyze non-linear time series. In theory,
neural network prediction accuracy can be achieved arbi-
trarily. But in practical application, it may meet many dif-
ficulties, such as the delineation of the structure of the neural
network, training and learning process being too slow, and
being trapped in local second-best in the optimization
process. WNN combines the characteristics of wavelet
analysis and neural network. It replaces the neurons in the
neural network with wavelet neurons, replaces the Sigmoid
in the neural network with wavelet functions (as activation
function), and establishes the relationship between wavelet
transform and network coefficients through affine trans-
formation. The WNN has the following characteristics:

(1) High prediction accuracy due to strong learning
ability and excellent function approximation ability.

(2) The fact that local optimum can be avoided as the
shift factor and scaling factor of the network are
determined in advance.

(3) High learning and training speed as wavelet function
as an activation function is easy to implement.

The WNN has three layers: input layer, hidden layer, and
output layer, as shown in Figure 2. The output layer adopts
the linear output. The neurons of the input layer are (x;, x,,

..» Xp), the hidden layer has K neurons, and the output
layer has N neurons. In this case, since the number of as-
sociated videos is 4, there are 4 related parameters as the
basis for prediction and the input neuron selection is 4. In
the set of daily visits, it is found that the visits are recorded in
the unit of day; the visit cycle is 7 days. Then, the number of
neurons used in the middle of the hidden layer is set to 7, and
the output layer is 7. That is why this case uses 4-7-7
structure neural network. /1, (x) is the wavelet basis function,
instead of the previous activation function Sigmoid.

Let w;; denote the weights of neurons from layer p — 1 to
layer p, a;" denote the r-th input of neuron i in layer p, ¢,
denote the transfer function of layer p, and b? denote the
corresponding output of the layer.

(p-1)
ar = Qwib", 3)
i

bl =9, (a)). (4)

Since the case is designed in a three-tier network,
by = X,_j,1,b) = X, are the transfer functions in the hidden
layer. This case is called “Morlet wavelet,” which is given by
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FIGURE 2: The hierarchy diagram of WNN.

Hidden layer Output layer

o(u) = COS(].75‘u)e(_H2/2). (5)
Substituting (5) into (3) and (4), we get
a; = Zwizjxr=j+1) (6)

i=1

2
a.—-b;
b= S 7
7 (P2< a]‘ > ()

According to (6) and (7), we can conclude that the video
af - bj
j

prediction on time series is
K K
23
Xrp1 = Zbrwj = Z ?2 a . (8)
i=1 j=1 j

Given the input and output samples of group, the error
function can be expressed as

P b1 P
E= ) E =—

M=

(dy = y)s 9)

Il
—

where d? is the expected output of the n-th node and y” is
the actual output of the n-th node. wy, by, and ag; are
constantly adjusted to minimize the error. When the error is
less than the given value, the program will end, and an
appropriate prediction value can be calculated.

For a series of videos that have similar and stable at-
tributes, the proposed approach can achieve reasonable
prediction results. However, for certain videos that have a
worse or better reputation than other videos in the series, the
proposed approach may produce a biased prediction result.
This is because a potentially unbalanced reputation has
affected the final results.

2.5. Performance Evaluation. As the actual video copy, if the
prediction granularity is too low, such as one dayj, it does not
make much sense, because it is impossible for the video copy
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FIGURE 3: Prediction of ARIMA approach (56-84 is the actual
prediction).

to undergo frequent evaluation migration with a 24-hour
time unit. If the prediction granularity is too long, such as in
the unit of month, the weekly trends of a video copy cannot
be timely captured. So, this experiment is expected to have a
length of weeks and data collection is based on days, the
estimated collection of 84 days of data. The number of
targets to be tested is from 2014.10.26 to 2015.1.17, and the
video data as the influencing factor are from 2014.10.20 to
2015.1.11, the first 56 days of the two sides are used as
training data, and the last 28 days of data are used as the test
data. The experiment runs on 64-bit Windows 7 Professional
with 10 GB of RAM and 2.1 GHz Intel Core i3 processor and
uses MATLAB R2014a to conduct the simulation and nu-
merical analyses. The neural network is designed to be 4-7-7
structure, and the output is 7-node data.

From Figure 3, it can be seen that ARIMA through
differential algorithm fits the time series data well before
prediction, but it is not accurate in grasping the trend of the
data. Figure 4 shows that the gray prediction can predict the
general trend of the data but has a large error range. In terms
of the change trend and prediction accuracy, the perfor-
mance of the proposed approach exhibits the optimal results,
as shown in Figure 5.

If it is predicted after a week, it will become a training set
and then forecast the way of the next week. The time
granularity of each prediction is not the same, which is 7
days, 14 days, and 28 days, respectively. As can be seen from
Table 4, if the time granularity for prediction is 1 week or 4
weeks, the proposed approach is the most accurate and far
higher than those of ARIMA and gray. If the time granularity
for prediction is two weeks, the accuracies of the three
prediction methods are comparable. In the proposed ap-
proach, the histories of hits of the similar video are used as
the influencing factors. Therefore, it can be inferred that the
prediction approach based on the combination of the cor-
relation analysis and WNN has better practical effect than
the alternatives.

When applying this method to several other types of
videos, the result is similar to the above case. The average
prediction accuracy of the proposed approach is 10% higher

Forecast on demand

Number of on-demand
1
/

0 10 20 30 40 50 60 70 80 90
Time (days)

—— Actual number of on-demand
- -~ FPorecast on demand

FIGURE 4: Prediction of gray approach (56-84 is the actual
prediction).

x10% Forecast on demand
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F1GURE 5: Prediction of the proposed approach.

TaBLE 4: Comparison of the error rates of different approaches.

Forecast for 7 days (%) 14 days (%) 28 days (%)

ARIMA 16.7 18.01 24.81
Gray 18.28 16.11 20.60
WNN 13.85 16.49 14.11

than that of ARIMA and 5-7% higher than that of gray
prediction.

From the above analysis, each prediction approach has
its own advantages and disadvantages. ARIMA has certain
advantages if the video enters a certain life cycle, which have
the relatively flat change trend and the feature of linear wide
stationary processes. But if the change trend of hits is gentle,
it has little significance for migrating video copies.

3. Conclusions

This paper proposes a new prediction approach for video
hits based on the combination of correlation analysis and
WNN. This is achieved by establishing the video index
quantification system and analyzing the correlation between
the video to be predicted and already online videos. Then,
the similar videos are selected as the influencing factors of



video hits. Compared with the ARIMA and gray prediction,
the proposed approach has a higher prediction accuracy and
a broader application scope.
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