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Abstract User traffic prediction is an important topic for wireless network operators. A user traffic prediction method based on Prophet and Gaussian process regression is proposed in this paper. The proposed
method first employs discrete wavelet transform to decompose the user traffic time series to high-frequency
component and low-frequency component. The low-frequency component bears the long-range dependence of
user network traffic, while the high-frequency component reveals the gusty and irregular fluctuations of user
network traffic. Then Prophet model and Gaussian process regression are applied to predict the two components respectively based on the characteristics of the two components. Experimental results demonstrate
that the proposed model outperforms the existing time series prediction method.
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1

Introduction

With the rapid development of mobile communication networks, the number of mobile devices surges,
which leads to exponential growth of data traffic. Different mobile applications installed on mobile devices
provide a wider variety of services for users. Meanwhile, users tend to consume more data traffic on diverse
applications. The accurate portrayal of the user’s network traffic behavior can not only help to improve
the customized service for users, but also provide useful information for the network optimization, and
hence it has attracted much research interests.
The analysis and understanding of mobile data traffic can be realized at aggregate level and at peruser level [1]. The mobile traffic prediction schemes at aggregate level are based on time series prediction
models, for instance, seasonal auto regression integrated moving average (ARIMA) in [2], and machine
learning algorithms, like neural networks (NN), Gaussian process (GP) in [3, 4]. Recently, more sophisticated methods like deep learning based approaches are employed to predict network traffic in [5]. The
study of aggregate traffic can provide useful information for self-organization of the cellular network,
for example, congestion control and energy saving based on the prediction results of the base station
traffic [4, 6, 7].
Meanwhile, the research on per-user traffic prediction is relatively scarce. Existing studies mainly focus
on descriptive statistics [8]. The per-user traffic in WLANs is analyzed and predicted using least minimum mean square estimation (LMMSE) in [9]. For per-user traffic in wireless mesh backbone networks,
a prediction method based on deep belief network is proposed in [10], and a compressive sensing-based
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approach is proposed in [11]. The end-to-end network traffic for software defined networks (SDN) is
estimated with a weighted-geometric-average process for fractal interpolation and cubic spline interpolation results of reconstructing the finer-granularity network traffic in [12]. Recently, per-user traffic in
cellular network is analyzed and a Wavelet-ARMA based model is presented in [13]. According to [13],
the wavelet transform is first applied to decompose the per-user traffic into two components that then
are predicted via auto regression moving average (ARMA) model. The per-user traffic forecasting gives
a finer understanding of network traffic which can help ISP (Internet service provider) to design suitable
marketing plans based on the prediction results and to provide alarm mechanism to notify customers of
data usage warning [14].
However, the main challenge of per-user traffic prediction is that the data usage of individual user is
more stochastic compared with aggregated network traffic owing to emergency occurrences in people’s
ordinary life. Thus, user traffic is always bursty. To make matters worse, individual user tends to have
large divergence in their behaviors. Some may not consume any traffic during some periods, while some
use probably data all day long. Hence, it is difficult to capture the dynamic characteristics of per-user
traffic and to predict traffic demand for individuals.
Motivated by this issue, a user network traffic prediction model based on Prophet model and Gaussian
process regression (GPR) is proposed. The Prophet model is proposed by Facebook [15]. It is used to predict holiday traffic [16] and temporal performance measurements [17] in mobile cellular networks. GPR is
a powerful machine learning method [17], which is used to predict spatial performance measurements [17]
and network traffic in [3, 4]. Owing to more serious fluctuation in user’s network traffic, existing timeseries prediction algorithms cannot be directly applied to the network traffic prediction of individual user.
Therefore, for the proposed method, wavelet transform is first employed to decompose the original user
traffic data time series into low-frequency component and high-frequency component. The low-frequency
component bears the long-range dependence of user network traffic, while the high-frequency component
reveals the gusty and irregular fluctuations of user network traffic. Then Prophet model and GPR algorithm are used to predict the low-frequency component and high-frequency component respectively based
on the characteristics of the two components.
The main contribution of this paper is that we propose a traffic prediction method based on Prophet
model and Gaussian process regression which largely reduces the prediction error. Using the mean
absolute percentage error as the evaluation metric, compared with the ARIMA model in [2] and WaveletARMA model in [13], the proposed scheme can lower the prediction error to one third.
The remainder of the paper is organized as follows: Section 2 describes details of the dataset used and
data preprocessing. The proposed prediction methodology is presented thoroughly in Section 3. Then
Section 4 evaluates and discusses the experimental results. Three demand prediction models based on
ARIMA, Wavelet-ARMA and the proposed method are examined. Experimental results are compared
to demonstrate the superior performance of the proposed model. Finally, concluding remarks are made
in Section 5.

2
2.1

Dataset
Dataset discription

The dataset used is an anonymized cellular data collected by an ISP between Sep. 1st to Oct. 31th.
Each record consists of an anonymized IMEI (international mobile equipment identity), date, App name,
start time of app usage, duration and the amount of data used in each usage. The dataset traces app
usage of more than 70 thousand users in two months and the traffic consumption generated by each app
usage.
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Dataset preprocessing

Define the per-user traffic as the volume of data traffic a user used during a time period ∆t. Hence, a
per-user traffic time series of user can be denoted by
xi = [xi1 , xi2 , . . . , xit ],

(1)

where xit = log(1 + cit ) denotes the per-user demand within time slot [t, t + ∆t], cit is the data traffic
generated by user i at given time slot. Here, the base 10 logarithm operation is used to eliminate the
divergence in magnitude. In this paper, we mainly study the traffic forecasting at a time scale of 1 h,
namely, ∆t = 60 min. With the definition of per-user traffic, the traffic forecasting is aimed to predict
xit+1 based on its historical sequences xi .

3

Methodology

A per-user traffic prediction method based on Prophet model and Gaussian process is proposed. Discrete wavelet transform (DWT) is first employed to decompose the per-user traffic time series into highfrequency and low-frequency components. Then Prophet model and Gaussian process regression are
applied to predict the two components respectively. In the end, the final prediction results can be obtained via inverse discrete wavelet transform (IDWT).
3.1

Data decomposition based on discrete wavelet transform

For user i, one-level wavelet decomposition is applied to per-user traffic time series xi (t) = xi , obtaining
scaling coefficients ci (n) and wavelet coefficients di (n) as follows:
N

1 X
ci (n) = √
xi (t)ϕ
2 t=1
N

1 X
di (n) = √
xi (t)ψ
2 t=1
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2

(2)




t
−n ,
2

(3)

where ϕ(n) is scaling function and ψ(n) is wavelet function. Assuming the length of time series xi (t)
is N time slots, the length of the two components is N2 . Using inverse wavelet transformation, per-user
demand time series xi (t) can be expanded by scaling function and wavelet function as follows:
N/2

xi (t) =

X

n=1

ci (n)ϕ



 N/2


X
t
t
−n +
di (n)ψ
−n .
2
2
n=1

(4)

The scaling coefficients ci (n) are the low-frequency component which exhibits the long-range dependence of the user traffic, while the wavelet coefficients di (n) are high-frequency component which reveals
the gusty and irregular fluctuations of user traffic. The predictions of two components ci (n) and di (n)
will be discussed in detail.
3.2

Low-frequency component prediction based on Prophet model

Prophet model is exploited to model and predict low-frequency component ci (n) because the lowfrequency component has strong periodicity. In effect, the Prophet model tackles the forecasting problem
as a curve-fitting issue. The idea of Prophet model is to decompose a time series (low-frequency component of the dataset in this paper) into three main components: trend, seasonality, and holiday as
follows:
ci (n) = g(n) + s(n) + h(n) + εn ,
(5)
where g(n) represents the non-periodic trend component, s(n) represents periodic changes owing to
yearly, weekly or daily periodicity, and h(n) represents the impact of holidays or special events, εn is the
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error term assumed normally distributed that expresses the remaining changes which are not represented
by the three main components. The task of Prophet model is to determine the three terms based on
low-frequency component of the dataset.
A piecewise logistic growth model is adopted for modeling trend component:
g(n) =

B(n)
,
1 + exp(−(k + a(n)T δ)(n − (m + a(n)T γ)))

(6)

where B(n) is the expected capacities of the system, for example, the market sizes, k is the basic growth
rate, δ is the vector of rate adjustments at the change points, a(n) ∈ {0, 1}S is the vector of indicator
function, m is the offset parameter, and γ is the parameter vector to make the function continuous. These
parameters are time-varying. Suppose there are S change points happening at time slots sj , j = 1, . . . , S,
then aj (n) = 1 if n > sj otherwise aj (n) = 0. B(n) is a tuning parameter determined by the dataset. For
simplicity and without loss of generality, here we choose the historical maximum value of per-user traffic
as the value of B(n). Fitting trend component requires estimating the parameters k, δ and m. Assuming
that k, m are a prior of Gaussian distribution, δ is a prior of Laplace distribution, the parameters can be
estimated by using maximum a posterior (MAP) estimation based on low-frequency component of the
dataset.
Prophet model relies on Fourier series to model the periodic effects,
s(n) = e(n)β =





L 
X
2πnl
2πnl
al cos
+ bl sin
,
P
P

(7)



(8)

l=1

where



e(n) = cos

2π(1)n
P



, . . . , sin



2π(L)n
P



.

L is the order of Fourier series. For weekly periodicity, the values of P is suggested as 7, and the value
of L as 3. Fitting seasonality requires estimating the parameters β = [a1 , b1 , . . . , aL , bL ]T . Assume β
is a prior of Gaussian distribution, the parameter β can be estimated using a MAP estimator based on
low-frequency component of the dataset.
Suppose there are M holidays, the holiday component is modeled as
h(n) = z(n)κ =

M
X
i=1

κi · 1{n∈Di } ,

(9)

where 1{n∈Di } = 1 if time slot n belongs to holiday i, otherwise 1{n∈Di } = 0, z(n) = [1{n∈D1 } , . . . ,
1{n∈DM } ]. And κi of a prior Gaussian distribution represents the influence of holiday i which can be
estimated via MAP estimator based on low-frequency component of the dataset.
For convenient, combine seasonality and holiday effects for each observation into a matrix Xc =
N/2
N/2
{[e(n) z(n)]}n=1 and the change point indicator a(n) into a matrix A = {a(n)}n=1 . Define λ =
(k, m, δ, β, κ) as the parameters to be estimated for Prophet model. Then given the priors of all the
parameters, the parameters estimation of the Prophet model is realized by a MAP estimator as follows:
λMAP = argmin(−logp(ci |Xc , λ) − logp(λ)),

(10)

N/2

where ci = {ci (n)}n=1 is the low-frequency component of the per-user traffic, and p(ci |Xc , λ) = N (µci , ε)
with
 
β
B
µci =
+ Xc
.
(11)
(1 + exp(−(k + Aδ) · (n − (m + Aγ))))
κ
Once the parameters λMAP are estimated, the Prophet model are determined, the low-frequency component can be predicted as follows:
ĉi (n + 1) = g(n + 1) + s(n + 1) + h(n + 1).

(12)
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High-frequency component prediction based on GPR

GPR is applied to model high-frequency components di (n) which is quite stochastic. GPR tackles the
time series prediction problem as a regression problem.
N/2
From high-frequency component, we can construct a training set with N/2 data points Xd = {xn }n=1
T
and corresponding targets y = {di (1), di (2), . . . , di (N/2)} , where xn = [di (n − 3), di (n − 2), di (n − 1)]
is input feature vector and yn = di (n) is the corresponding observation which is the high-frequency
component of the dataset in this paper. In GPR, it is assumed that each observation is generated from
a latent function f and addictive Gaussian noise ω, namely,
yi = f (xi ) + ω,

(13)

where ω ∼ N (0, σn2 ) is zero mean Gaussian noise with variance σn2 . And a prior distribution of the latent
function f is defined as
p(f |Xd ) = N (0, K),
(14)
which denotes the multivariate normal distribution with zero mean, covariance matrix K (also named as
kernel). The covariance matrix K is obtained from a kernel function k, namely Kij = k(xi , xj ). Here
the squared exponential co-variance function


1
T
k(xi , xj ) = exp − 2 (xi − xj ) (xi − xj )
(15)
2θ
is chosen as kernel function. θ is kernel hyper-parameters that can be estimated by maximizing the
marginal likelihood p(y|Xd , θ) = N (0, KT ), where KT = K + σn2 I represents a noisy covariance matrix.
The maximum likelihood estimation of θ is
θML = argmin(−logp(y|Xd , θ)).

(16)

Once the hyper-parameter θ is estimated, the predicted value of test data x∗ = [di (n − 2), di (n − 1), di (n)]
can be calculated from the predictive distribution p(y∗ |x∗ , θ) which is Gaussian with mean µ∗ and variance
σ∗2 , and
µ∗ = k∗ KT−1 y,
(17)
where k∗ = (k(x∗ , x1 ), . . . , k(x∗ , xN/2 ))T . The mean µ∗ is usually used as prediction for test data x∗ .
Namely,
dˆi (n + 1) = µ∗ .
(18)
3.4

Per-user traffic prediction

Once the high-frequency component and the low-frequency component are predicted by Prophet model
and GPR, inverse discrete wavelet transform is applied to obtain the final prediction result of per-user
traffic as
N/2

x̂i (t + 1) =

X

ĉi (n + 1)ϕ

n=1



 N/2


X
t+1
t+1
−n−1 +
dˆi (n + 1)ψ
−n−1 .
2
2
n=1

(19)

The above algorithm can be summarized in Algorithm 1.

4
4.1

Experiments
Performance metrics

To evaluate the performance of the models, the root mean square error (RMSE) and the mean absolute
percentage error (MAPE) are used. A smaller value of MAPE and RMSE indicates a more effective
prediction model.
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Algorithm 1 Traffic prediction algorithm
Input: Per-user traffic time series xi (t).
Output: Prediction x̂i (t + 1).
1: for User i = 1 to P do
PN
PN
t
t
√1
2:
ci (n) = √1
t=1 xi (t)ϕ( 2 − n), di (n) =
t=1 xi (t)ψ( 2 − n);
2
2
3:
for time slot n = 1 to N/2 do
B(n)
4:
g(n) = 1+exp(−(k+a(n)T
;
δ)(n−(m+a(n)T γ)))
PL
2πnl
)
+
b
sin(
));
5:
s(n) = e(n)β = l=1 (al cos( 2πnl
l
P
P
P
6:
h(n) = z(n)κ = M
κ
·
1
;
{n∈Di }
i=1 i
7:
end for
N/2
N/2
N/2
8:
Xc = {[e(n) z(n)]}n=1 , ci = {ci (n)}n=1 , A = {a(n)}n=1 ;
B
9:
λ = (k, m, δ, β, κ), p(ci |Xc , λ) = N (µci , ε), µci = (1+exp(−(k+Aδ)·(n−(m+Aγ))))
+ Xc [ β
];
κ
λMAP = argmin(−log p(ci |Xc , λ) − log p(λ));
ĉi (n + 1) = g(n + 1) + s(n + 1) + h(n + 1);
for time slot n = 1 to N/2 do
xn = [di (n − 3), di (n − 2), di (n − 1)];
yn = di (n);
end for
N/2
N/2
Xd = {xn }n=1 , y = {yn }n=1 ;
2 I, k(x , x ) = exp(− 1 (x − x )T (x − x ));
p(y|Xd , θ) = N (0, KT ), KT = K + σn
i
j
i
j
i
j
2θ 2
θ M L = argmin(−log p(y|Xd , θ));
x∗ = [di (n − 2), di (n − 1), di (n)], k∗ = (k(x∗ , x1 ), . . . , k(x∗ , xN/2 ))T ;
dˆi (n + 1) = k∗ KT−1 y;
PN
PN
2
2
ĉi (n + 1)ϕ( t+1
− n − 1) + n=1
dˆi (n + 1)ψ( t+1
− n − 1).
21:
x̂i (t + 1) = n=1
2
2
22: end for
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

Definitions of these metrics are
v
u n
u1 X
RMSE = t
(|yi − ŷi |)2 ,
n i=1

(20)

n

MAPE =
4.2

100% X |yi − ŷi |
.
n i=1
yi

(21)

Experimental results

In this paper, we compare the proposed model with traditional time series prediction method ARIMA
and wavelet-ARMA proposed in [13]. The length of training set is 7 days from first September to 7th
September, and the aim is predicting the data usage of the next 24 h. Figure 1 shows the predicted traffic
of a user.
Forecast resolution and forecast horizon are two important parameters for a forecasting problem.
Forecast resolution relies on the time scale that the data are aggregated. Figures 2 and 3 illustrate
the performance of prediction methods for different forecast resolution. It is obvious that predicting user
traffic in a short time period is more difficult because of strong randomness of human behavior. Therefore,
the larger the forecast resolution, the better the performance. For all different forecast resolutions, the
proposed model outperforms the ARIMA model and wavelet-ARIMA model. Even at time scale of
15 min, the proposed model can achieve a MAPE of less than 60%, compared with ARIMA model and
wavelet-ARIMA model, the values of MAPE are nearly 100%.
Forecast horizon means the time range that the forecasting method predicts. Figure 4 presents the
performance of three methods for different forecast horizons. It shows that the proposed method has the
best performance for predicting the next 24 h traffic. For 24 h prediction, the proposed model achieves
a RMSE of 1.18, compared with 3.5 and 3.74 of other two models. With the increase of the forecast
horizon, the prediction error becomes larger and finally tends to be stable.
1000 users are chosen randomly from the dataset, and user traffic for the next 24 h is predicted.
Figure 5 shows the cumulative distribution function (CDF) of RMSE of ARIMA, wavelet-ARIMA model
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and the proposed model. Figure 5 shows that the predictions results of nearly 80% users have an RMSE
lower than 1 based on the proposed model, while only 60% and 40% users have a RMSE lower than 1 for
wavelet-ARIMA model and ARIMA model, respectively.
Considering the computing overheads of the proposed model, the Gaussian process model has a time
complexity of O(n3 ) and space complexity of O(n2 ), where n is the number of data samples. Compared
with ARIMA model which has a time complexity of O(n), the proposed model has more computing
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overheads. However, the value of n is usually small. Supposing we use a week’s historical data to forecast
user hourly traffic, the value of n is 24×7. For example, for training and predicting one hundred users,
the proposed model takes 310 s. While ARIMA model takes 246 s. However, the proposed algorithm can
largely lower the prediction error.

5

Conclusion

In this paper, we proposed a user traffic prediction method based on Prophet model and Gaussian process
regression model. Discrete wavelet transform was employed to decompose the traffic time series to highfrequency component and low-frequency component, then Prophet model and GPR were used to predict
the two components respectively. Compared with ARIMA and wavelet-ARIMA model, the proposed
model can reduce RMSE to one third.
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