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Abstract—Internet-empowered electronic gadgets and content
rich multimedia applications have expanded exponentially in
recent years. As a consequence, heterogeneous network structures
introduced with Long Term Evolution (LTE) Advanced have
increasingly gaining momentum in order to handle with data
explosion. On the other hand, the deployment of new network
equipment is resulting in increasing both capital and operating
expenditures. These deployments are done under the considera-
tion of the busy hour periods which the network experiences the
highest amount of traffic. However, these periods refer to only a
couple of hours over a 24-hour period. In relation to this, accurate
prediction of active user equipment (UE) number is significant
for efficient network operations and results in decreasing energy
consumption. In this paper, we investigate a Bayesian technique
to design an optimal feed-forward neural network for short-
term predictor executed at the network management entity
and providing proactivity to Energy Saving, a Self-Organizing
Network function. We first demonstrate prediction results of
active UE number collected from real LTE network. Then, we
evaluate the prediction accuracy of the Bayesian neural network
as comparing with low complex naive prediction method, Holt-
Winter’s exponential smoothing method, a deterministic feed-
forward neural network without Bayesian regularization term.

Index Terms—Bayesian Neural Networks, Short-Term Predic-
tion, Self-Organizing Networks, Long Term Evolution.

I. INTRODUCTION

Currently deployed cellular network infrastructures do not
have the capacity to meet the demands of subscribers in the
next years as a result of expanding numbers of Internet-
empowered electronic gadgets and content rich multimedia
applications. The key necessities to handle with the data
explosion have been expressed as an infrastructure that can
give hundred times higher throughput, more than ten times
latency reduction, higher data transfer capacity portions per
unit region etc. compared to the current network infrastruc-
ture [1]. Advanced physical and link layer solutions improving
the link efficiency have been considered to determine 2G, 3G
and Long Term Evolution (LTE) network specifications. On
the other hand, these solutions have reached their theoretical
limits [2]. Therefore, increasing node deployment density
seems as the only possible solution to improve the network
performance [3]. Heterogeneous network (HetNet) structures
have been introduced with LTE-Advanced and increasingly

gaining momentum in order to meet the demanding infrastruc-
ture enhancing requirements of the data explosion. However,
the deployment of new network equipment results in increas-
ing capital expenditure (CapEx) and operating expenditure
(OpEx).

Mobile Network Operators (MNOs) deploy new sites or
add a new carriers (also known as cells) into existing sectors
concentrating the capacity of each on a smaller geographical
area. This leads to overlapping coverage areas served by
multiple sites and carriers. Mobile networks are provisioned
and deployed in order to guarantee a specific quality-of-service
(QoS) under the consideration of busy hours. However, these
busy hours last approximately a couple of hours which the
network experiences the highest amount of traffic over a 24-
hour span. During non-busy hours which are in majority, the
network is significantly under-utilized and power amplifiers
and signal processing units still operate even though there is
no user traffic. Therefore, it is possible to decrease energy
consumption in mobile network infrastructure without any
effect on QoS as a consequence of turning off some parts of
the network equipment [4], [5] where number of active user
equipments (UEs) falls below a specific predefined threshold
value.

Self-Organizing Network (SON) functions simplify and
automate the Radio Access Network (RAN) management
through tuning the configuration management (CM) param-
eters of network elements. One of them is Energy Saving
(ES) function which decreases the energy consumption via
switching off a network element or restricting the usage
of physical resources. The energy saving strategies [6, and
references therein] may contribute to reduction of greenhouse
emissions as well and accurate prediction is signification for
efficient network operations [7], [8]. Number of active UEs
predictions can be carried out for different network layers,
considering individual cells, entire site or groups of sites
according to selected part of network elements which will be
turned off. The possibility of predicting low traffic periods will
result in energy savings given that it is technically possible to
turn off equipment during the predicted low traffic periods.
This prediction can be done based on historical network data.

The problem of traffic prediction for cellular networks
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Figure 1: Self-organizing E-UTRAN architecture with domain management and network management entities.

based on past network data has been studied extensively in
the existing literature [9]–[14]. The authors in [9] propose
a block regression (BR) model to forecast the mobile traffic
employing seasonal differentiation. [10] proposes a seasonal
auto-regressive integrated moving average (ARIMA) model to
forecast mobile traffic with high accuracy. [11] uses support
vector machine (SVM) with the same purpose. In [12], Holt-
Winter’s technique which is based on exponential smoothing
for time series is used to predict the network traffic with the
aim of energy saving in mobile cellular networks. Moreover,
the authors in [15], [16] have analyzed the characteristics of
mobile traffic in spatial domain.

To the best of our knowledge, Bayesian neural network
(BNN) has not yet been explored to predict the number
of active UEs in LTE networks. In order to fill this gap,
we investigate the prediction of active UEs number using
BNN. The values are hourly obtained from an evolved Node-
B (eNodeB) serving in Evolved Universal Terrestrial Radio
Access Network (E-UTRAN) and our contributions can be
summarized as follows:

• We present a system architecture where prediction of ac-
tive UEs number is done in self-organizing LTE networks.

• We compare BNN with three other prediction methods:
– Holt-Winter’s exponential smoothing technique
– Naive prediction method
– Deterministic feed-forward neural network without

Bayesian regularizing term
for active UEs number prediction and use mean absolute
percent error (MAPE) as the evaluation metric.

• We point out that BNN achieves the highest accuracy for

the prediction of future active UEs number.
The rest of the paper is organized as follows. In Section II,

we present our system architecture and describe our data
collected from an eNodeB. In Section III, we first present our
benchmarks then, we explain prediction model using BNN in
detail. Our numerical results are available in Section IV and
we finally conclude the paper in Section V.

II. SYSTEM MODEL AND ARCHITECTURE

SON for LTE has been proposed by The 3rd Generation
Partnership Project (3GPP) with the aim of interference
reduction, coverage and capacity optimization (CCO), ran-
dom access channel (RACH) optimization, automatic neighbor
relation (ANR), physical cell identity (PCI) optimization,
mobility load balancing (MLB), mobility robustness optimiza-
tion (MRO), and energy saving etc. through optimizing CM
parameters of the cells in the mobile networks. It has capabil-
ities of self-optimization, self-healing and self-configuration
and 3GPP standard has defined centralized, distributed, and
hybrid SON architectures for SON implementation. Network
densification with the introduction of HetNets have brought
with rapid evolution and integration of SON functions with
the purposes of minimizing human intervention in network-
ing processes and automating mobile infrastructure operation,
administration and management (OAM).

Self-organizing E-UTRAN architecture including multi-
vendor network equipment is depicted in Fig. 1. It includes
several macro and small cells which have different number
of frequency layers and there are several overlapping areas
covered by both more than one sites and their carriers.
Information exchange is done between network management



entity and domain management entity, domain management
entity and eNodeB and eNodeB-eNodeB though northbound
interface (Itf-N), southbound interface (Itf-S) and X2 interface,
respectively. In this architecture, the prediction algorithms
described in the following section and SON related functions
including proactive ES with predictor feature are executed in
network management entity in order to cater vendor-agnostic
centralized SON architecture.

A. Data Description

Average number of active UEs related to an eNodeB is
hourly collected from the real LTE network. This number
denotes the average value of total count (sampled per second)
of active UEs, which are in radio-resource control (RRC)-
connected mode and generate a data traffic. The eNodeB under
consideration is equipped with sectorial antennas. It has three
sectors and each sector has three frequency layers which are
identified by E-UTRA Absolute Radio Frequency Channel
Number (EARFCN) (see Fig. 2). Collected data is presented
in Figs. 3 and 4 where individual values per layer and per
sector are available for the time span of 9 days.

Figure 2: eNodeB under consideration.

At the first step of our analysis, we investigate the auto-
correlation of the sampled data, which is depicted in Fig. 5.
A period of 24 days can be obtained and average number of
active UEs has an hourly correlation with previous days. The
value measured at a certain hour of a day is very similar to
a value obtained at the same hour of the previous day and
it is expected that it will be similar to the same hour of the
next day as well. [17] showed that a generic cellular traffic
pattern is characterized mainly by daily variations like the
difference between busiest hours and night time. Moreover,
the traffic always goes down at night and raises at daytime.
This periodic behaviour can be used to perform a short term
prediction. On one hand, it is possible to lock one or two of
the layers in each sector and QoS requirements of each active

UE’s application are still satisfied by remaining unlocked
layer(s). The time periods in which the number of active UEs
is much less are predicted and identified to lock the network
elements. Hence, energy consumption can be decreased over
these periods without any effect on user’s applications.

III. PREDICTION ALGORITHMS

In this section, we first explain the naive prediction method.
Holt-Winter’s exponential smoothing technique and determin-
istic feed-forward neural network without Bayesian regular-
izing term which are our benchmark in order to predict
future number of active UEs. Then, we provide a detailed
explanation of prediction method using BNN. These methods
provide proactivity to ES function running in self-organized
LTE network.

A. The Naive Method
Naive method is the simplest prediction technique that

considers the last obtained value as prediction result without
any extra process. However, this method leads to inaccurate
results for seasonal data prediction. Another alternative is to
use its seasonal version where predicted value is the observed
value for the same period related to the previous seasonal cycle
and the analytical model can be written as

ŷt+1 = yt+1−L, (1)

where L denotes the number of periods in one season, yt is
the observed value at time of t and ŷt+1 is the predicted value
for time of t+ 1.

B. Holt Winter’s Method
Holt Winter’s prediction technique given in [12] is an ex-

tension of exponential smoothing with tendency and seasonal
components. This method makes a prediction for future values
under the consideration of correlated past values introducing
weighting coefficients. The m−step ahead prediction is done
with,

ŷt+m = (St +mbt)It−L+m, (2)

where St, It, and bt are respectively the deseasonalized,
seasonal and trend components, respectively. Deseasonalized
stands for the time series without considering the periodic
effect and seasonal component reflect the periodic variations
that generate the trend in cyclical context. The components
are calculated as follows:

St = α

(
yt
It−L

)
+ (1− α)(St−1 − bt−1), (3)

It = β

(
yt
St

)
+ (1− β)It, (4)

bt = γ (St − St−1) + (1− γ)bt−1, (5)

with the initial condition below:

St =

L∑
t=1

yt
L
, (6)

bt = 0, (7)

It =
yt
St

for t = 1, 2...L. (8)
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Figure 3: Hourly collected average number of active UEs per frequency layer for (a) Sector−1, (b) Sector−2 and (c) Sector−3.
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Figure 4: Hourly collected average number of active UEs for (a) Sector−1, (b) Sector−2 and (c) Sector−3.
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Figure 5: Autocorrelation of average number of active UEs
collected from each sector.

The terms α, β and γ are respectively the overall smoothing,
seasonal smoothing and trend smoothing parameters that need
to be selected with the goal to minimize the error between real
and predicted values. They take values between 0 and 1.

C. Deterministic Feed-forward Neural Network

A deterministic feed-forward neural network maps an input
(x) to an output (y) as a function of input and neural network
weights (w), defined as y = f(x,w). During training stage,
data pairs (D) are formed with, D = {{x1, t1} , ..., {tN , yN}}
where t is the target variable. The neural network weights are
adjusted to minimize the mean-squared error between x and
t, i.e.,

ED (W) =
1

2

N∑
i=1

(f(Xi,W)− ti)2 . (9)

The Bayesian method develops a posterior distribution of the
weights from historical data starting with a prior distribution
of weights for a neural network. The optimized weight vector
is obtained by inferring a posterior distribution equivalently
minimizing a cost function with sum of squares error plus an
additional weight-decay regularization term such as

EW (W) =
1

2

∑
i

w2
i , (10)

to solve the overfitting problems. As a result, in BNN, the error
function consists of two terms: The first term is the error term
of entire data and second term is the extra regularizing term,
called weight decay term which can penalize large weights.
The final error function can be written as

M (W) = βED (W) + αEW (W) (11)



where α and β are control parameters that determine the neural
network’s complexity and generalization.

D. Bayesian Neural Network

Using a Bayesian approach, the optimal values of the weight
vector (w∗, α∗ and β∗) can be found. The goal of the Bayesian
approach is to infer a posterior distribution on network weights

p(w|D,β, α) = p(w|α)p(D|w, β)
p(D|β, α)

. (12)

Here, p(D|w, β) and p(w|α) are the likelihood function and
prior probability weight distribution respectively. If error and
weights are assumed to have normal distributions with zero
mean and variances of β−1 and α−1 then we can formulate
likelihood functions in the form of a Gibbs distribution [18],

p(D|w, β) = 1

ZD(β)
e−βED(W), (13)

p(D|w,α) = 1

ZW (α)
e−αEW (W). (14)

Using Bayes’ theorem, the posterior can then be expressed as

p(w|D,β, α) = 1

ZM (α, β)
e−M(W). (15)

Using a second order Taylor series expansion of M(W)
around w∗ allows for calculation of the normalization factor
Z∗
M as follows with H being the Hessian matrix of M(W)

at w∗

Z∗
m(α, β) = (2π)

k
2 |H|−

1
2 e−M(w∗). (16)

To find α∗ and β∗ the posterior distribution of α and β is
defined as [19]

p(D|β, α) = ZS(α, β)

ZD(β)ZW (α)
. (17)

Differentiating the logarithm evidence of (17) with respect to
α and β yields [18]

α∗ =
1

2

∑k
i=1

λi

λi+α

EW (w∗)
, (18)

β∗ =
1

2

N −
∑k
i=1

λi

λi+α

ED(w∗)
, (19)

where λi being the eigenvalues of H.

IV. NUMERICAL RESULTS

In order to evaluate the performance of prediction methods,
we use MAPE which expresses the accuracy as a percentage
and is a popular metric in statistics, especially in trend estima-
tion. The analytic expression of the error metric is defined as

MAPE(%) =
1

N

N∑
i=1

|ŷi − yi|
yi

× 100. (20)

Our original data has 216 sample points. We use first 168
of them for training and the remaining 48 points are used
for evaluation. Each next value is predicted using 36 previ-
ous time-series values and 100 hidden layer coefficients/bias
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Figure 6: Actual and predicted values with the use of different
methods for (a) Sector−1, (b) Sector−2 and (c) Sector−3.

values. Same network structure is deployed for the neural
network without Bayesian regularization term as well. L is set
to 24 and smoothing parameters of Holt-Winter’s exponential
smoothing technique are adaptively tuned through searching
all combinations of a discrete set of values for each parameter
with the aim of minimizing MAPE.
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Figure 7: MAPE of different prediction methods.

The actual and predicted number of active UEs in Sector−1,
Sector−2 and Sector−3 are depicted in Figs. 6. The resulting
MAPE values are also available in Fig. 7. In Sector−1,
MAPE of naive prediction is equal to %24.2 whereas it is
%19.8 for Holt-Winter’s exponential smoothing method. In
the same sector, MAPE of neural network without Bayesian
regularizing term becomes %17.4 and this term reduces the
error to %17.3. When we turn to Sector−2, MAPE of naive
method is approximately %15.9. This error is reduced to
%13.2, %13.4, and %12.8 with the use of Holt-Winter’s ex-
ponential smoothing, neural network, and BNN, respectively.
When Sector−3 is considered, error on native method becomes
%22.4 whereas Holt-Winter’s smoothing technique and neural
network decrease this term to %20.6 and %15.7, respectively.
Adding Bayesian regularization terms further reduce it to
%14.4. The results reveal that a neural network with Bayesian
regularization achieves the lowest MAPE and outperforms the
naive predictor, Holt-Winter’s exponential smoothing method
and neural network without Bayesian regularization under the
consideration of average number of active UEs collected from
each sector.

V. CONCLUSION

In this work, we investigate the accuracy of BNN that
is executed in network management entity in a centralized-
manner. The aim is to predict active UEs numbers that are pe-
riodically collected from a eNodeB and to provide a proactive
feature to ES function. Naive prediction method, Holt-Winters
exponential smoothing technique and neural network without
Bayesian regularization term are considered as benchmarks
and the methods are compared with each other using hourly
collected data. The results reveal that BNN outperforms all of
the benchmarks and achieves the lowest MAPE among them.
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TEYDEB (project no 9150200) project.

REFERENCES

[1] J. G. Andrews, S. Buzzi, W. Choi, S. V. Hanly, A. Lozano, A. C. K.
Soong, and J. C. Zhang, “What Will 5G Be?,” IEEE Journal on Selected
Areas in Communications, vol. 32, pp. 1065–1082, June 2014.

[2] D. Lopez-Perez, I. Guvenc, G. de la Roche, M. Kountouris, T. Q. S.
Quek, and J. Zhang, “Enhanced intercell interference coordination
challenges in heterogeneous networks,” IEEE Wireless Communications,
vol. 18, pp. 22–30, June 2011.

[3] A. Damnjanovic, J. Montojo, Y. Wei, T. Ji, T. Luo, M. Vajapeyam,
T. Yoo, O. Song, and D. Malladi, “A survey on 3GPP heterogeneous
networks,” IEEE Wireless Communications, vol. 18, pp. 10–21, June
2011.

[4] L. Saker and S. E. Elayoubi, “Sleep mode implementation issues in
green base stations,” in 21st Annual IEEE International Symposium on
Personal, Indoor and Mobile Radio Communications, pp. 1683–1688,
Sept 2010.

[5] S. E. Elayoubi, L. Saker, and T. Chahed, “Optimal control for base
station sleep mode in energy efficient radio access networks,” in 2011
Proceedings IEEE INFOCOM, pp. 106–110, April 2011.

[6] J. Wu, Y. Zhang, M. Zukerman, and E. K. N. Yung, “Energy-Efficient
Base-Stations Sleep-Mode Techniques in Green Cellular Networks: A
Survey,” IEEE Communications Surveys Tutorials, vol. 17, pp. 803–826,
Secondquarter 2015.

[7] Z. Niu, “TANGO: traffic-aware network planning and green operation,”
IEEE Wireless Communications, vol. 18, pp. 25–29, October 2011.

[8] S. Samulevicius, T. B. Pedersen, T. B. Sorensen, and G. Micallef, “En-
ergy Savings in Mobile Broadband Network Based on Load Predictions:
Opportunities and Potentials,” in 2012 IEEE 75th Vehicular Technology
Conference (VTC Spring), pp. 1–5, May 2012.

[9] H. Pan, J. Liu, S. Zhou, and Z. Niu, “A block regression model for
short-term mobile traffic forecasting,” in 2015 IEEE/CIC International
Conference on Communications in China (ICCC), pp. 1–5, Nov 2015.

[10] J. Guo, Y. Peng, X. Peng, Q. Chen, J. Yu, and Y. Dai, “Traffic forecasting
for mobile networks with multiplicative seasonal ARIMA models,” in
2009 9th International Conference on Electronic Measurement Instru-
ments, pp. 3–377–3–380, Aug 2009.

[11] S. Wang, J. Guo, Q. Liu, and X. Peng, “On-Line Traffic Forecasting of
Mobile Communication System,” in 2010 First International Conference
on Pervasive Computing, Signal Processing and Applications, pp. 97–
100, Sept 2010.

[12] S. Morosi, P. Piunti, and E. D. Re, “A forecasting driven technique
enabling power saving in LTE cellular networks,” in 2013 IEEE 9th In-
ternational Conference on Wireless and Mobile Computing, Networking
and Communications (WiMob), pp. 217–222, Oct 2013.

[13] H. F. Shi and Y. Lu, “Short-term load forecasting based on Bayesian
neural networks learned by Hybrid Monte Carlo method,” in 2010
International Conference on Machine Learning and Cybernetics, vol. 3,
pp. 1494–1499, July 2010.

[14] M. Ghofrani, D. Carson, and M. Ghayekhloo, “Hybrid clustering-time
series-Bayesian neural network short-term load forecasting method,” in
2016 North American Power Symposium (NAPS), pp. 1–5, Sept 2016.

[15] K. Tutschku and P. Tran-Gia, “Spatial traffic estimation and character-
ization for mobile communication network design,” IEEE Journal on
Selected Areas in Communications, vol. 16, pp. 804–811, Jun 1998.

[16] D. Lee, S. Zhou, X. Zhong, Z. Niu, X. Zhou, and H. Zhang, “Spatial
modeling of the traffic density in cellular networks,” IEEE Wireless
Communications, vol. 21, pp. 80–88, February 2014.

[17] D. Tikunov and T. Nishimura, “Traffic prediction for mobile network
using Holt-Winter’s exponential smoothing,” in 2007 15th International
Conference on Software, Telecommunications and Computer Networks,
pp. 1–5, Sept 2007.

[18] D. Sivia and J. Skilling, Data analysis: a Bayesian tutorial. OUP
Oxford, 2006.

[19] H.-F. Shi and Y.-X. Lu, “Bayesian Neural networks for short term
load forecasting,” in Wavelet Analysis and Pattern Recognition, 2009.
ICWAPR 2009. International Conference on, pp. 160–165, IEEE, 2009.


