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Abstract

To better maintain mobile networks, accurate mobile traffic prediction is crucial for resource allocation. For the adjacent
cells, sometimes the mobile traffic concentrates in a single cell, leading to traffic unbalance; in many cases, the detection
of unbalance is strongly related to the prediction of traffic peaks, which is extremely difficult because many peaks
appear suddenly for no apparent reason. To better predict the peaks and traffic unbalance, we propose two novel mobile
traffic predictors. The first is a Mixture of Experts (MoE) model which yields significantly better peak prediction along
with excellent interpretability by establishing a cooperation mechanism between different experts, whereas the second
predictor is a light-weight Multilayer Perceptron (MLP) which can obtain similar peak forecasting performance but
operating in a more flexible way and consuming less computational power. The obtained predictions are then used to
aid the predictive detection of traffic unbalance. To this end, we first perform a large-scale analysis of mobile traffic, and
then propose different approaches to detect the future traffic unbalance based on the predictions. Extensive experiments
are carried on real-world mobile traffic datasets, and the results show the superior performance of our proposed solution
at predicting peaks and traffic unbalance.

Keywords: Mobile networks, Mobile traffic forecasting, Traffic unbalance prediction

1. Introduction

In the last decade, mobile traffic has grown rapidly on
a global scale because of a massive increase of mobile de-
vices and their applications, along with the development
of modern cellular networks. According to Ericsson annual
report 2022, mobile data traffic volume is estimated to in-
crease by more than two times in the period 2023–2027,
and the mobile video traffic forecasted to grow by almost
30% annually through 2027 [1]; as video streaming appli-
cations become increasingly popular, mobile video traffic
now accounts for more than half of all mobile data traf-
fic, which makes base stations sustain much higher mobile
demand than before. Compared to other mobile services,
streaming services have a more strict requirement of the
Quality of Service (QoS); how to improve the QoS and
maintain the stability of mobile networks are becoming a
critical issue for mobile network operators.

Among the network performance indicators of LTE net-
works, the QoS of mobile users is strongly related to the
downlink user throughput whose value is affected by many
factors. In practice, the network operator is interested in
improving not only the average user throughput of the
networks but also the worst 5% user throughput [2, 3]. In
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mobile networks, cells can be seen as the most fundamental
element of the access network layer. The access network
layer is composed of elements called evolved Node B (eN-
odeB) or E-UTRAN Node B; eNodeB is responsible for
connecting the mobile devices within its coverage to mo-
bile network [4, 5]. Each eNodeB consists of multiple cells,
and these cells are connected targets of mobile device. For
a set of cells, it is not rare that the mobile traffic dis-
tributes among them in an unbalanced way. In this case,
most of the traffic is concentrated in a single cell leading
to traffic congestion and reduction of throughput available
to the mobile users assigned to that cell; from this point of
view, a balanced traffic distribution among cells is prefer-
able as the QoS of the congested cell would be improved.
In practical, a set of adjacent cells in a given geographical
area can be seen as a small cluster, and it is feasible to
move traffic from a congested cell to the adjacent ones if
the traffic distributes among them in an unbalanced way.

To configure cells and manage the mobile traffic, Cover-
age and Capacity Optimization (CCO) and Mobility load
balancing (MLB) have been widely used [6, 7]. CCO [8, 9]
finds the proper radio parameters to satisfy the require-
ments of both the coverage and the capacity, whereas MLB
[10] modifies the cell-specific offset between neighboring
cells adaptively depending on their load difference; if the
load difference exceeds the presetting threshold, then the
algorithm will be triggered to control the traffic handover
between different cells. With these techniques, a mobile
network operator can modify the offset related to the han-
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dover or switch the configuration between predefined ones
to encourage traffic redistribution. However, no matter
what method is applied to control the traffic handover,
there is always a problem related to the decision making.
In general, there is a delay of obtaining the latest network
measurements, and it is risky to use the delayed observa-
tions to reconfigure the network because the updated con-
figuration could be already outdated and may not adapt
well to the actual traffic pattern; this problem becomes
more critical in the presence of traffic peaks, which are
critically important towards QoS. From this point of view,
using predictions of future mobile traffic could be more
beneficial than using the latest observations. Furthermore,
predictions can also enhance the stability of the system
which is crucial for network operators.

While accurate mobile traffic predictions are essential,
this task is challenging since, in many cases, the time series
of mobile traffic parameters exhibit a generally station-
ary behavior interrupted by sudden strong peaks. Many
deep learning-based time series forecasting methods are
very good at predicting the stationary parts, but provide
inaccurate results in the predictions of peaks, and the
reason lies in the fact that forecasting models are often
trained to minimize an average loss on the prediction er-
ror. Since peaks occur rarely, their predictions tend to be
neglected because their effect on the average loss is quite
small, whereas the loss is dominated by errors in the sta-
tionary parts of the mobile traffic time series; this leads
to models typically making conservative predictions most
of the time. If the model predicts the future steps in an
aggressive way, this would improve the prediction of future
peaks but also make the overall performance worse as the
aggressive predictions are always risky. Eventually, there
is always a trade-off between average loss and peak pre-
diction, which has to be handled according to application
requirements. Generally for mobile network operators, it
is preferable that the model makes more accurate peak
predictions even though the error on the non-peak parts
is slightly higher, as the peaks are the most valuable part
of mobile traffic and accurate peak predictions allow mit-
igating QoS degradation promptly.

For tackling these challenges and improving the traffic
management of mobile networks, in this paper we propose
a new method to detect and adjust the potential traffic un-
balance within a cluster of cells; our solution is composed
of two different phases: mobile traffic forecasting phase
and traffic unbalance detection phase. In the first phase,
two deep learning models can be selected to predict the fu-
ture traffic: Mixture of Quantiles (MoQ) and Flexible Mul-
tilayer Perceptron (FMLP). MoQ was initially proposed in
[11] aiming at providing accurate mobile traffic predictions
while obtaining good peak forecasting performance; in this
paper, we use the original implementation of MoQ to con-
duct experiments, and expand the work to the application
of load unbalance prediction. MoQ is built based on MoE
framework supporting flexible blending of different fore-
casting styles, where aggressive and conservative forecast-

ing are adaptively aggregated based on the recent tempo-
ral dynamics of the time series. Through the cooperation
between experts with diverse characteristics, this model
is capable of making better peak predictions while main-
taining excellent overall performance and interpretability.
Since MoQ is a computational expensive model, we also
propose the FMLP light-weight model. FMLP consists of
a predictor and a data mapping module, which selects im-
portant samples and performs conditional magnitude scal-
ing on the time series, which allows the model to perform
forecasting in a flexible way. The behavior of this model
can be easily controlled by changing a pre-defined scal-
ing factor, resulting in different levels of aggressiveness in
the predictions. In the traffic unbalance detection phase,
the predictions of cells are used by a detection algorithm
to determine if there would be a potential traffic unbal-
ance; in this paper, two predictive detection approaches
are discussed: single-model approach and multi-model ap-
proach. Compared to the naive approach which uses the
recent observations instead of the predictions, both of the
predictive solutions achieve better results on a real-world
dataset. Specifically, the main contributions of our work
are summarized as follows:

• A predictive approach to detect the potential mo-
bile traffic unbalance among cells combining a mo-
bile traffic predictor with an unbalance detection al-
gorithm.

• A novel mobile traffic forecasting model called MoQ,
which features a flexible blending of conservative and
aggressive predictions based on recent observations.

• A novel light-weight mobile traffic forecasting model
called FMLP, which focuses on learning important
patterns; The model behavior can be tuned from
conservative to aggressive prediction.

• A large scale analysis is performed to study the traf-
fic behavior within the clusters, and extensive ex-
periments are carried out on real-world mobile traf-
fic datasets, proving the advantages provided by the
proposed methods.

This paper is structured as follows. In Section 2, we
review previous works related to the corresponding top-
ics. Section 3 and Section 4 presents the details of the
proposed MoQ and FMLP models. Section 5 presents the
proposed mobile traffic predictor and detection algorithm.
In Section 6 we introduce two real-world datasets and per-
form experiments and analysis. In Section 7, we draw the
conclusions and future works.

2. Background and Problem Formulation

2.1. Mobile Traffic Management and Network Configura-
tion

For the topology planning and mobile traffic manage-
ment, MLB and CCO are the two popular approaches.
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CCO solutions focus on adjusting the antenna tilt to op-
timize the capacity and coverage, affecting the network
performance and traffic assignment [12, 13, 14]; how to
adjust the antenna tilt efficiently is the major concern in
this field [9, 15, 16]. Compared to CCO, MLB does not
configure the antennas but modifies the handover region
between adjacent cells leading to lower call drop rate and
better QoS [10, 17, 18, 19]. Few papers study the prob-
lem of detecting the potential traffic load unbalance; in
this work, we propose a traffic prediction-based approach
to determine if there is a need to redistribute load among
neighboring cells in near future.

2.2. Time Series Forecasting

Time series forecasting plays a key role in many indus-
trial domains such as climate analysis [20], retail forecast-
ing [21] and traffic modelling [22]. Conventional methods
focus on parametric models built based on the knowledge
of domain experts including autoregressive model [23]. Re-
cently, deep learning has attracted increasing attention in
time series field because it can model complex non-linear
relationships [24]. For example, [25] has shown that MLP
outperforms the ARIMA autoregressive model in time se-
ries prediction [26, 27, 28], and [29] obtains good forecast-
ing performance using Recurrent Neural Network (RNN)-
based models. To make more accurate predictions, more
complex neural networks are employed in these years in-
cluding Transformer-based models [30] and Temporal Con-
volutional Network (TCN) [31]; recently, more advanced
forecasting models have been proposed including DLinear
[32], Informer [33], Autoformer [34] and the others. Among
these works, very few of them investigate how to obtain
better peak prediction, which is crucial in many applica-
tions.

2.3. Mixture of Experts

MoE model was first proposed in [35], where the au-
thors introduce an ensemble style framework which con-
sists of many sub-networks (experts) and a gating network
(manager). In a MoE, each expert is expected to learn
different knowledge from training data, and the outputs
of experts are mixed by the manager to combine bene-
fits from diverse patterns. This idea has attracted a lot
of attention both in deep learning and machine learning
fields. [36, 37] build MoE-style models on top of machine
learning algorithms such as support vector machines. [38]
propose deep MoE models for speech enhancement. In
natural language processing, [39] introduces a very large
sparsely-gated MoE and obtains significantly better results
for machine translation task. MoE has also proven effec-
tive for computer vision tasks such as image classification
and person re-identification [40, 41]. Another solution is
to build layer-level MoE as in [42], which creates a deep
learning model composed of multiple MoE layers, where
each MoE layer is an individual MoE network, and the

layers are stacked together. In the present paper, a model-
level MoE is built, introducing a cooperation mechanism
enabling MoQ to make good peak predictions.

2.4. Quantile Loss & Quantile Regression

For a real-valued random variable Y , denote as F (y) its
cumulative distribution function. Given a quantile index
τ ∈ (0, 1), the τ -quantile q(τ) is defined as q(τ) = F−1(τ).
For example, the 0.5-quantile q(0.5) is the median. For
many applications, risk and uncertainty have to be quanti-
fied to make optimal decisions. The need of modelling dis-
tribution leads to the use of Quantile Regression [43]. The
purpose of quantile regression is to predict the conditional

τ -quantile ŷ
(τ)
t+k given the past observations y:t and a prede-

fined quantile index τ ∈ (0, 1). Comparing to probabilistic
forecasting, quantile regression is more robust because it
makes no assumption on the data distribution [44]. In or-
der to predict the quantile, the model has to be trained to
minimize the total Quantile Loss (also called pinball loss):

QLτ (y, ŷ
(τ)) = τ(y − ŷ(τ))+ + (1− τ)(ŷ(τ) − y)+, (1)

where (·)+ = max(0, ·), and ŷ(τ) is modelled by function
gτ (·) which can be approximated with a deep learning
model. Many works have been done in quantile regression
field. [45] proposes a model to make quantile forecasting of
the load of smart grid, and a new approach is proposed to
determine the prediction intervals. [46] combines quantile
regression and multitask learning, and extends the appli-
cation to spatiotemporal problems. In our work, instead of
using quantile predictions to define a prediction interval,
quantile predictions are used in an ensemble way, where
each expert is trained by minimizing quantile loss with
different quantile index τ , resulting in different levels of
aggressiveness of forecasting.

3. Mobile Traffic Predictor: MoQ

3.1. Problem Formulation

In this work, we perform short-term time series fore-
casting using a model learned from past observations, and
the predictions are further used to determine if a traffic
unbalance event will occur in near future. Assuming we
want to predict the future values of univariate time series
with w forecast horizons, time series is represented as a
vector x1:t = [x1, x2, ..., xt] ∈ Rt which consists of past
observations of the target mobile network KPI, where xi

is the record collected at time step i and t is the length of
sequence; the problem can be formulated as:

x̂t+1:t+w = f(x1:t), (2)

where x̂t+1:t+w ∈ Rw is the vector of predictions from time
t+ 1 up to time t+ w, and f(·) is a selected predictor.
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Figure 1: Architecture of Mixture of Quantiles: expert Eq is trained
to minimize a quantile loss having quantile index equals to q. The or-
ange line represents forecasting and the blue line represents ground-
truth. MoQ combines the prediction of different experts to yield a
more accurate prediction, especially around peaks of the time series.

3.2. Mixture-of-Quantiles Architecture

The architecture of MoQ is shown in Figure 1, and it
consists of three components:

• Experts which are trained to forecast with different
aggressiveness levels; the outputs of experts are fed
into the manager yielding the final prediction;

• a Penalization used to prevent overusing a specific
expert and to promote the cooperation among ex-
perts;

• aManager aggregating predictions from different ex-
perts to output the final forecast.

The idea behind MoQ is to fuse various prediction
styles, as illustrated in Figure 1. In MoQ, the input is
first fed into the experts pool. By training experts with
different objective functions, these expert will have diverse
forecasting styles: some of them are going to make aggres-
sive predictions while others will be more conservative.
The manager observes the recent temporal behavior of the
input series and fuses these predictions based on softmax
score; in this way, the model automatically learns when to
be conservative and when to be aggressive. The details of
MoQ are discussed in the following.

3.2.1. Experts with Various Forecasting Styles

In this work, LSTNet [47] is used as the backbone net-
work of each expert. When applying the MoE framework,

how to guarantee that each expert learns different knowl-
edge from the same input is a challenging topic, which
would highly affect the model performance; if the experts
act in a very similar way, there is no benefit in using an
MoE model. To promote diversity among the experts, a
specific quantile loss is employed to pretrain each expert
individually, and the quantile index is different for each
expert. As depicted in Figure 1, MoQ consists of four ex-
perts that are pretrained with quantile index 0.5, 0.7, 0.8
and 0.9 respectively. Among the four experts, expert E0.5

is the most conservative one, and the prediction becomes
more aggressive as the quantile index is increased. Based
on that, we can obtain predictors with various forecasting
styles in a reliable way. Once the predictions made by each
expert are available, the outputs are concatenated as:

x̂E
t+1:t+h = [x̂E0.5

t+1:t+h, x̂E0.7
t+1:t+h, x̂

E0.8
t+1:t+h, x̂E0.9

t+1:t+h], (3)

where x̂E
t+1:t+h ∈ Rk×N×h, k is the number of experts,

N is the size of mini-batch and h is the forecasting hori-
zon. After pretraining using the auantile loss, the weights
of experts are frozen and will not be updated during the
training of the manager.

3.3. Manager

The manager is a gating function that is responsible
for aggregating the output of individual experts. The ag-
gregation is performed based on the recent observations of
the time series to capture the local temporal behavior. In
this case, “local” refers to the most recent p observations,
where p is a hyperparameter. In this work, the manager is
composed of a fully connected layer and a softmax activa-
tion function. The fully connected layer extracts the local
patterns of time series, and the manager calculates the
softmax score among experts for each future step, which
can be formulated as follows:

H = FCw(x−p:t), (4)

S = Softmax(H), (5)

where FCw is a fully-connected layer parameterized by the
weights/biases w, x−p:t ∈ RN×p is the matrix of recent
observation and S ∈ RN×h×k is the expert score. The
dimension of hidden vector H has to be converted from
N × hk to N × h × k before passing it to the activation
function. Based on score S, the final prediction x̂t+1:t+h

is made by fusing the weighted output of experts:

x̂t+1:t+h =
∑
e∈E

Sex̂e
t+1:t+h, (6)

where E is the set of experts, x̂e
t+1:t+h and Se are the cor-

responding prediction and score for expert e. To acquire
the ability of using experts cooperatively, after the experts
pretraining, the manager is trained to minimize the Mean
Absolute Error (MAE) between the fused prediction and
the ground truth. However, this alone is not sufficient to
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Figure 2: Architecture of FMLP.

guarantee accurate prediction of highly dynamic regions
while minimizing the overall loss.

Ideally, the manager should rely on the conservative
expert for the forecasting of non-dynamic regions, and on
the aggressive experts to predict peaks. However, in most
cases, models tend to overuse the most conservative ex-
pert which is pretrained to predict the median value, as
this yields a low value of the MAE loss. In MoQ, we pro-
pose to penalize the manager’s nature of being conserva-
tive. Specifically, two different penalization methods are
introduced.

3.3.1. Penalization Mask

The first option is to use a mask during training, which
penalizes conservative experts and encourages the man-
ager to assign higher weights to aggressive experts. The
mask is designed as follows:

M =
[1
k
,
2

k
, , ...,

k

k

]
, (7)

where k is the number of employed experts; the mask is
M = [0.25, 0.5, 0.75, 1.0] when we use 4 experts. Each pe-
nalization coefficient within the mask corresponds to the
expert in the corresponding position of x̂E

t+1:t+h (see eq.
(3)), where the most conservative expert is penalized in
the hardest way while the most aggressive expert is not
penalized at all. Each expert prediction has to be multi-
plied by the corresponding mask coefficient before being
fed into the manager; this deteriorates the conservative
predictions, often making them too low to be used, and
only slightly affects the aggressive predictions. In this
way, predicting the median value is not the best choice
anymore in order to minimize the loss, and the manager
is required to learn a smarter way to fuse the results of
the individual experts. This is an objective-oriented pe-
nalization method, and the mask values can be changed in
order to guide the decision of manager in the desired way,
thereby controlling the behavior of MoQ.

3.3.2. Penalization via addition of Gaussian Noise

The second approach is to add Gaussian noise to the
predictions instead of masking them. The Gaussian noise

is designed to have zero-mean and expert-dependent vari-
ance. For expert Eτ , the variance of its Gaussian noise is
chosen as σ2

τ = α · ( 1τ − 1), where α controls the spread of
the noise variance among the experts. The more conser-
vative the expert, the higher the variance of the Gaussian
noise. Comparing to the penalization mask, the addition
of Gaussian noise employs only one parameter and does
not require the design of a penalization mask; this leads,
however, to a somewhat weaker control of the model be-
havior.

3.3.3. Use of penalization during the training process

It is important to notice that the two introduced penal-
ization methods are only used during the training phase,
whereas experts are not penalized during the validation
and test phase. Penalization encourages the manager to
use aggressive predictors. However, MoQ should make ag-
gressive predictions only when there could be an occur-
rence of a peak in the upcoming time steps, and not in
the stationary part of the time series. To achieve this, we
do not apply the penalization for all training samples, but
only for the samples whose ground-truth value is much
higher than that of the other samples, as these samples
have a higher possibility of having peaks in next few steps.
Specifically, for each training sample we sum the values of
its ground-truth, and only the samples whose value of the
summarized ground-truth is in the largest 10% will be pe-
nalized. In this way, the manager is forced to learn how to
extract local temporal dynamics from recent observations
to determine if peak will occur or not.

4. Mobile Traffic Predictor: FMLP

The architecture of FMLP is composed of three com-
ponents, as shown in Fig. 2.

• an Information Filter Module which consists of a
convolutional layer, a fully-connected layer and two
activation functions. The use of this module is to
select important samples from the input and filter
the potential noise, eventually creating a mask which
weights each sample of the input time series.
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• a Conditional Scaling Module which is composed of
a global average pooling layer and a scaling module.
The objective of this component is to perform mag-
nitude scaling for the selected samples based on a
pre-defined scaling factor; a mask is created to scale
the magnitude of each sample of the input.

• a MLP that makes predictions by using the time
series masked by the previous modules.

The information filter and conditional scaling modules
can be seen together as the “data mapping” module of
FMLP. The idea behind FMLP is to design a model whose
peak prediction can be customized to have different ag-
gressiveness levels. To this end, the time series is first
fed into the two modules to generate two masks selecting
the important samples and scaling the magnitude for part
of them. According to different setting of the pre-defined
scaling factor, the magnitude of the peak predictions can
be adjusted in a flexible way; then the original time se-
ries is weighted by multiplying these masks and fed into
MLP to generate predictions. The details of FMLP are
discussed in the following.

4.1. Information Filter Module

This module is used to assign a weight to each sample
of the input. The convolutional layer and fully-connected
layer are employed to learn the temporal pattern of time
series which evaluates the importance of each sample. The
extracted hidden vector has the same length as the input,
and it is first processed by a sigmoid function to map its
value to the range (0, 1); then a parametric ReLU is ap-
plied to filter the noise, as:

ReLUγ(x) =

{
0, x ≤ γ

x, x > γ
, (8)

where γ is a pre-defined threshold. Generally, the impor-
tance of samples is quite “sparse” as, after the sigmoid,
many samples are mapped to very low values such as 0.01.
These samples contribute relatively little to the prediction
and may be detrimental. Hence, the parametric ReLUγ is
used to filter the noise and the parameter γ is set to 0.05
in the experiments.

4.2. Conditional Scaling Module

This module is used to scale the magnitude of the sam-
ples of time series in the training phase, but it is not em-
ployed in the inference stage. The module first calculates
the global average of the time series, then the global av-
erage and the original time series are fed into the scaling
module to generate a scale mask. Because we want to
change the magnitude of the peak prediction without af-
fecting the off-peak part, not all samples need to be scaled.
In this case, all the samples whose value is higher than
the global average should be multiplied by a pre-defined

scaling factor; Due to the nonlinear nature of neural net-
works, the predictions are robust to the scale change of
input series; in this case, even though we scale the magni-
tude of few samples of input series, the model would still
be optimized to make similar predictions. So if we scale
the magnitude in training stage and disable the scaling
in inference stage, the magnitude of predictions would be
scaled in the inverse way without changing the shape of
the predictions; the value of the scaling factor should be
lower than 1 if we want to increase the magnitude of the
peak predictions. For the scenario of time series forecast-
ing, one drawback of the neural network is that the scale
of predictions is not sensitive to the scale of the input time
series because of the non-linearity introduced by stacking
layers [47]. If we decrease the magnitude of peak regions
in the training phase, the model will still yield similar pre-
dictions during training, but the peak predictions will be
increased during the inference phase if we deactivate the
scaling module since the weights of layers are optimized to
compensate for the magnitude reduction.

4.3. MLP

The MLP used in FMLP is the conventional model pro-
posed by [48], which is composed of three fully-connected
layers and ReLU functions. The MLP uses the time series
weighted by the two masks to make the predictions.

5. Detection of Traffic Unbalance

5.1. Cluster Creation and Analysis

Due to the network configuration and user movement,
mobile traffic often distributes among a cluster of cells in
an unbalanced way, and this load unbalance needs to be
detected. The successful detection of the potential load
unbalance allows the network operators to switch from a
configuration optimised for capacity to another suited for
redistributing the traffic, leading to improved performance
for the congested cell. In this work, a cluster is defined as
a set of cells which includes a reference cell (cluster center)
plus a few adjacent cells (neighbors). The procedure for
creating a cluster is as follows:

1. Selection of Reference Cell : A reference cell is more
likely to be congested. We choose cells whose 0.9
quantile of its downlink usage time series is higher
than 2 Erlang.

2. Selection of Adjacent Cells: for the selection of adja-
cent cells, we consider both the coverage overlap and
the served users overlap between the reference and
the adjacent cells. We employ the handover data
and consider as adjacent cells those whose served
users overlap is higher than 20%, and this overlap-
ping setting allows the redistribution of mobile users
among cells; among those, the two cells having the
largest coverage overlap are selected to form a cluster
with the reference cell.
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Algorithm 1 Naive Approach

Input: λref,t, R
t
max.

Output: L.
if Rt

max ≥ 2 then
if λref,t ≥ 2 Erlang then

Lt+1 = Lt+2 = 1
else

Lt+1 = Lt+2 = 0
end if

else
Lt+1 = Lt+2 = 0

end if

Algorithm 2 Predictive Approach

Input: λref,1:t, λadj1,1:t and λadj2,1:t.
Output: L
for Time step h = t+ 1 to t+ 2 do

λ̂ref,h = Predictor(λref,1:t)

λ̂adja1,h = Predictor(λadj1,1:t)

λ̂adja2,h = Predictor(λadj2,1:t)

Rh
max =

λ̂ref,h

maxc∈A λ̂c,h

if Rh
max ≥ 2 then

if λ̂ref,h ≥ 2 Erlang then
Lh = 1

else
Lh = 0

end if
else

Lh = 0
end if

end for

Once we create the clusters, for each cluster we mon-
itor the total ratio Rt

total, the maximum ratio Rt
max and

the downlink usage of the cluster. Rt
total is the ratio be-

tween the downlink usage of the reference cell and the total
downlink usage within the cluster, and Rt

max is the ratio
between the downlink usage of the reference cell and the
maximum downlink usage among its adjacent cells. The
ratios are calculated as follows:

Rt
total =

λref,t∑
c∈C λc,t

, (9)

Rt
max =

λref,t

maxc∈A λc,t
, (10)

where λref,t is the downlink usage of the reference cell at
time step t, λc,t is the downlink usage of the cell c at time
step t, C is the whole cluster and A is the set of adjacent
cells. For the time step t, the reference cell is thought
as congested and requiring the traffic redistribution if its
downlink usage is higher than 2 Erlang and Rt

max > 2.

5.2. Detection Algorithm

In order to determine if there is a need to redistribute
mobile traffic or not, we apply different approaches to de-
tect the traffic unbalance within the cluster based on the
downlink usage. The first approach is called “naive” ap-
proach and it uses the latest KPI observations of the cells
within the cluster to make the decision; this approach is
used as the baseline by considering it is quite simple. An-
other option is the predictive approach which uses the
predictions of downlink usage to guide the decision. Ei-
ther approach provides labels of the next two steps, L =
[Lt+1, Lt+2], where L can be either 0 or 1, and 0 means
there is no need to perform traffic redistribution.

The pseudo codes of these approaches are shown as Al-
gorithm 1 and Algorithm 2. Furthermore, the predictive
approach can be subdivided into two subcategories based
on the applied forecasting models: single-model approach
and multi-model approach. Single-model approach uses
the same forecasting model to predict the downlink usage
for both the reference cell and the adjacent cells, while the
multi-model approach uses different models for handling
the reference cell and the adjacent cells. For example,
Model A+Model B means using Model A for the refer-
ence cell and Model B for the adjacent cells. Compared
to single-model approach, multi-model approach provides
higher flexibility for the decision making; this is discussed
in detail in Section 6.3.

6. Experiments and Results

In this section, we conduct experiments on two real-
world industrial datasets to evaluate the performance of
the proposed approaches; both datasets are provided by
Telecom Italia S.p.A which is the largest Italian telecom-
munications services provider. For the first dataset, the
downlink usage data is collected from LTE network of a
metropolitan city in Italy, covering 100 cells; this dataset
consists of 32300 time series, each time series is recorded
during 14 consecutive days, and the traffic profile of each
cell is aggregated over 15-minute intervals; the first dataset
is used to train and test the forecasting performance of the
proposed mobile traffic predictor. The second dataset is
much larger; it consists of three months observations of
2713 cells deployed in Piedmont province, Italy, and it is
used to perform large scale mobile network analysis and
evaluate the performance of the traffic unbalance detector.

6.1. Forecasting of Mobile Traffic Peaks

For the mobile traffic predictor, our target is to predict
network parameters for the next 2 steps (30 minutes); all
time series of this dataset have been normalized with the
standard score normalization, and the normalized time se-
ries is calculated by first subtracting the mean value of raw
time series and then dividing by the standard deviation.
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Metrics MLP LSTM GRU LSTNet TCN MQ-RNN Transformer DLinear Informer Autoformer MoQ MoQ†
2 MoQ†

4 FMLP0.7

MAE 0.301 0.295 0.286 0.282 0.298 0.290 0.332 0.295 0.343 0.411 0.310 0.297 0.306 0.301
MSE 0.297 0.303 0.298 0.287 0.326 0.299 0.342 0.293 0.427 0.481 0.329 0.297 0.310 0.312

Accuracy 67.5% 67.7% 66.1% 67.5% 57.0% 66.2% 69.1% 66.3% 58.7% 56.3% 77.7% 75.2% 77.7% 75.5%
Sensitivity 36.2% 36.5% 33.1% 36.2% 14.2% 33.4% 39.3% 33.7% 18.3% 13.6% 58.5% 52.6% 58.2% 53.5%

#Parameters 188k 265k 50k 102k 61k 141k 1.12M 5K 660k 1.14M 409k 409k 409k 189k

Table 1: Performance comparison of different models for mobile traffic prediction and peak classification; k and M are the shorthand notation
for Thousand and Million.

Figure 3: Predictions of downlink usage. The penalization mask of MoQ is employed in the plot and the scaling factor of FMLP is set to 0.7.

6.1.1. Benchmarks and Performance Metrics

Two versions of MoQ are implemented: the MoQ pe-
nalized by mask (MoQ) and the MoQ penalized by the
Gaussian noise whose variance is controlled by α (MoQ†

α).
The FMLP model is denoted as FMLPβ where β is the
predefined scaling factor. We compare the performance of
our proposed models against a set of baseline approaches
covering the most popular approaches in the time series
forecasting field, including: MLP [48], LSTM [49], GRU
[50], LSTNet [47], TCN [31], MQ-RNN [51], Transformer
[52], DLinear [32], Informer [33] and Autoformer [34]. The
hyperparameters of these models have been tuned through
grid search based on the performance evaluated on valida-
tion set. Once the best configurations have been deter-
mined, the models have been retrained on the dataset, by
merging training and validation set, and eventually evalu-
ated on the test set. All experiments are conduct on a com-
puter with Intel(R) Core(TM) i7-7700K CPU @ 4.20GHz,
64 GB memory and a single Nvidia TITAN X Pascal 12GB
GPU. The operating system is Linux 4.15.0-143-generic,
and the model is implemented in Python 3.8.8 with Py-
torch 1.7.0.

To evaluate the performance, five metrics are used. Ini-
tially, we quantify the overall performance of these models
in terms of MAE and MSE (Mean Squared Error). Since
MAE and MSE do not properly capture the ability of a
model to predict peaks in the time series, which is instead
very important in our target application, we also employ
classification metrics to evaluate the ability of model at
predicting peaks. Specifically, for the downlink usage the
peak part is defined as the elements of a tensor whose value
is higher than a threshold Q defined as a given quantile
of this feature. In this setting, a mobile traffic predic-
tor that forecasts downlink usage two time-steps ahead is
employed for binary peak classification, in that if the pre-
dicted downlink usage has value greater than or equal to
the predefined threshold, a peak is detected. In our ex-

periments, the quantile index is defined as 0.95. Based on
this, each ground-truth element is either positive (peak)
or negative (non-peak), and a model is assessed on the ba-
sis of its ability to correctly classify peaks in terms of the
sensitivity metric, also known as recall, i.e. the number
of correctly identified peaks among the retrieved peaks.
Although sensitivity is the most important metric for the
target application, we also need to verify that a model does
not overestimate a target frequently by generating a lot of
false alarms, so the average classification accuracy among
classes is also used to quantify the general performance of
predictive classification. Besides these metrics, the num-
ber of parameters (#Parameters) is also used to evaluate
how many parameters are included in the models, which
is a good proxy of the model complexity.

6.1.2. Results

We perform forecasting on the test set of the mobile
traffic dataset; the performance of the models is reported
in Table 1. For this dataset, we observe that RNN-based
models obtain better performance compared to the oth-
ers. LSTNet has the lowest MAE and MSE and it is
the best model if we only consider the overall loss. The
performance of Autoformer is the worst among the base-
lines, its peak prediction performance is much worse than
the others and the forecasting performance is quite poor.
Comparing with the selected baselines, the proposed MoQ
models obtain much higher sensitivity. If we compare the
performance between the mask version MoQ (MoQ) and
the Gaussian noise versions (MoQ†

α), the difference be-
tween them is quite small, and both of them provide a
significant improvement of peak predictions. Among these
MoQ models, MoQ has the highest sensitivity whose value
is 19.2% higher than the highest sensitivity of baselines
(39.3%), which means this model is much more capable
to predict potential upcoming peaks; MoQ also has the
highest classification accuracy, showing that the proposed
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Figure 4: Peak predictions of downlink usage. The penalization mask of MoQ is employed in the plot and the scaling factor of FMLP is set
to 0.7.

(a) (b)

Figure 5: Visualization of the cooperation between experts, the expert scores used to fuse the predictions are visualized. (a) MoQ (mask
version); (b) MoQ (Gaussian noise version).

model is able to perform forecasting based on the recent
trend which better reflects the traffic pattern. The price
to be paid for very good sensitivity is that its MAE and
MSE are slightly higher than those of LSTNet, though still
to close to those achieved by the best methods. Compar-
ing MoQ†

4 and MoQ†
2, we observe that the MAE and MSE

are reduced by decreasing the value of α while obtaining
slightly lower sensitivity and classification accuracy; by
modifying the value of α, it is possible to make a trade-off
between peak prediction and overall performance. Com-
paring to MoQ, FMLP obtains slightly worse forecasting
performance, but its performance is still much better than
the baselines for the task of mobile traffic peak forecasting.
If we compare the complexity of the models, we can find
that MoQ is not a very heavy model even though it is built
based on the expert system, and it is still lighter than some
baseline approaches such as the transformer-based models;
to have a faster and lighter version of MoQ, FMLP would
be a good candidate as its model size is smaller.

To better understand the behavior of different archi-
tectures, we select several models and visualize their fore-
casting. Figure 3 and Figure 4 illustrate the general traffic
predictions and the peak predictions respectively, where

Figure 3 refers to the general pattern of downlink usage
and Figure 4 refers to a bursty increase of downlink us-
age in mobile networks. In Figure 3, we can observe that
the predictions made by MoQ and FMLP can better fol-
low the trend and peaks of mobile traffic; this behavior
is more obvious in Figure 4, where MoQ and FMLP show
their superiority in peak prediction of mobile traffic; in this
case, the predicted peak is very close to the ground-truth
and none of benchmarks is capable of capturing the usage
pattern related to the peak in an effective way.

6.2. Analysis of the Characteristics of Mobile Traffic Pre-
dictors

6.2.1. MoQ

Besides the advantage of achieving better peak predic-
tion, MoQ also has good interpretability. As mentioned in
previous sections, MoQ relies on the cooperation mecha-
nism of experts, where the prediction benefits from switch-
ing among predictors with various forecasting styles. To
study the contribution of each expert, in Figure 5 we visu-
alize the predictions and the corresponding softmax scores
of the four different experts: expert E0.5, expert E0.7, ex-
pert E0.8 and expert E0.9. Among these experts, expert
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(a) (b) (c) (d)

Figure 6: Peak predictions of cell B made by FMLP with respect to different setting of scaling factor, the gray line represents the ground-truth.
(a) scaling factor = 1.0; (b) scaling factor = 0.8; (c) scaling factor = 0.7; (d) scaling factor = 0.5.

Metrics Scaling Factor=1.0 Scaling Factor=0.8 Scaling Factor=0.7 Scaling Factor=0.6 Scaling Factor=0.5

MAE 0.289 0.296 0.301 0.381 0.403
MSE 0.309 0.294 0.312 0.528 0.608

Accuracy 63.2% 73.3% 75.5% 84.4% 83.9%
Sensitivity 27.2% 48.6% 53.5% 74.6% 74.0%

Table 2: Performance comparison of FMLPs trained with different scaling factors.

E0.5 and expert E0.7 are the experts making relatively con-
servative predictions. In Figure 5(a) we observe that the
conservative expert dominates the final prediction for the
non-peak part of time series, whereas the prediction style
becomes aggressive once our model detects strong tempo-
ral dynamics from recent observations. If we focus on the
strong oscillating area of this sequence, frequent switching
between expert E0.5 and expert E0.8 can be seen. If we
compare Figure 5(a) and Figure 5(b), the learned cooper-
ation pattern is not the same by applying different penal-
ization methods during training, but both of the methods
result in similar results; this provides additional flexibility
for adjusting the forecasting strategy. From this point of
view, MoQ shows great interpretability, and the analysis
of the behavior of experts can be used to fine tune the
architecture and adapt it to different telecommunication
applications.

6.2.2. FMLP

as we discussed in the previous section, the behavior
of FMLP can be adjusted by changing the value of scal-
ing factor, which provides us the flexibility of customizing
the aggressiveness of forecasting based on the needs of ap-
plications; here we discuss the impact of changing scaling
factor to the peak predictions. In Figure 3 and Figure
4, we visualize the predictions of another cell made by
FMLP; four scaling factors are used to train FMLP: 1.0,
0.8, 0.7 and 0.5. When the scaling factor is set to 1.0,
the difference between FMLP and the conventional MLP
is minor; hence the predictions in Fig. 6(a) are equivalent
to the predictions made by MLP. If we decrease the scaling
factor from 1.0 to lower values, we can observe that the
predictions of the peak parts have higher magnitude, and
that makes the predictions more similar to the real cases.
Every time we decrease the scaling factor, what we do is

to create a smooth transition from conservative peak pre-
dictions to aggressive peak predictions, and this process is
very flexible which can be controlled based on the oper-
ational strategy of network operators. Table 2 shows the
performance of different FMLPs; generally, a lower scal-
ing factor leads to better peak predictions and a slightly
higher average loss.

6.3. Predictive Detection of Potential Traffic Unbalance

6.3.1. Mobile Traffic Analysis

In our approach, the predictive detection algorithm
is applied to identify the potential traffic unbalance in a
reference cell once we have the predictions. To investi-
gate if there is a benefit of using the predictive approach,
we create clusters and evaluate the performance of differ-
ent approaches on them. We consider two types of cells,
i.e. 800MHz and 1800MHz cells; the cluster is composed
of cells in the same band, following the procedure dis-
cussed in Section 5. In the analysis, we use three-months
observations of 2713 cells (1059 800MHz cells and 1654
1800MHz cells) and identify 417 reference cells which have
high downlink usage.

Table 3: Overview of clusters: congested and non-congested.

Congested Non-Congested Total

800MHz Cells 120 (11.3%) 939 (88.7%) 1059
1800MHz Cells 231 (14.0%) 1423 (86.0%) 1654

According to Table 3, at least 11.3% of 800MHz cells
and 14.0% of 1800MHz cells are affected by traffic con-
gestion events after evaluating the downlink usage and
the maximum ratio, indicating that traffic redistribution
would be very useful in a real-world scenario. To better un-
derstand the traffic unbalance issue, we study the behavior
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(a)

(b)

Figure 7: Traffic distribution within the cluster in two consecutive days. The marked line is the downlink usage of the reference cell and the
unmarked lines are the downlink usage of its adjacent cells within the cluster. (a) cluster A (800MHz); (b) cluster B (1800MHz).

of the clusters in detail. Figure 7 illustrates the metrics of
two clusters in two consecutive days; as we can observe,
the downlink usage of the reference cell is much higher
than the downlink usage of its adjacent cells in some time
slots. In Figure 7(a), congestion can be observed around 9
PM; the congestion pattern is not always periodic as the
congestion event is observed in the afternoon without hav-
ing been observed in the previous day. According to the
figure, it is obvious that the mobile traffic distributes in a
relatively balanced way for most of the times. However,
for certain time slots the reference cell carries much more
traffic than the others which would potentially affect the
QoS of the mobile users assigned to it. In this case, the
prediction of the traffic unbalance would help the mobile
traffic management.

6.3.2. Detection of Traffic Unbalance

To compare the performance of different approaches,
we set the various prediction models to perform single-
model and multi-model approach. For the single-model
predictive approach, we use five different deep learning
models to predict the downlink usage of the future steps,
including MLP, GRU, LSTNet, Transformer, MoQ and
FMLP (with two different scaling factors); for the multi-
model approach, we use different combinations of mod-
els including LSTNet+GRU, MoQ+GRU, MoQ+LSTNet,
GRU+MoQ and FMLP+GRU. The nomenclature for the

multi-model approach is of the kind “Modelref +Modeladj”,
for example MoQ+GRU means using MoQ for the refer-
ence cell and GRU for the adjacent cells. By using different
predictive approaches, it is feasible to evaluate how peak
forecasting performance affects the prediction performance
of mobile traffic unbalance. To evaluate the classification
performance, four metrics are calculated:

• Balanced Accuracy : the classification accuracy whose
value equals to the mean value of the classification
accuracy of each class.

• Accuracy (Non-Congested): the classification accu-
racy of the non-congested class.

• Accuracy (Congested): the classification accuracy of
the congested class.

• F-score: this is the harmonic mean of precision and
recall which evaluates the overall performance of a
classifier. Its value ranges between 0 and 1, where 1
indicates a perfect classifier.

In the experiments, 20 clusters (10 at 800MHz and 10
at 1800MHz) are employed to compare the performance of
different approaches. For each cell within a cluster, we first
normalize its observations of three months and split them
into many sub-series; each sub-series contains 1344 records
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Balanced Accuracy Accuracy (Non-Congested) Accuracy (Congested) F-score

Naive Approach 85.1% 91.9% 78.3% 0.787

Predictive Approach

S
in
g
le
-M

MLP-based 86.9% 92.4% 81.5% 0.810
GRU-based 86.7% 92.4% 81.1% 0.808

Transformer-based 85.1% 92.2% 78.2% 0.788
LSTNet-based 87.3% 92.1% 82.4% 0.813
MoQ-based 87.4% 91.4% 83.3% 0.811

FMLP-based (scaling factor=0.6) 86.5% 90.5% 82.5% 0.797
FMLP-based (scaling factor=0.7) 87.1% 91.9% 82.2% 0.809

M
u
lt
i-
M

LSTNet + GRU 87.5% 91.5% 83.5% 0.814
MoQ + LSTNet 88.1% 90.1% 86.0% 0.813
MoQ + GRU 88.2% 89.4% 87.0% 0.811
GRU + MoQ 84.9% 93.8% 76.0% 0.791

FMLP (scaling factor=0.6) + GRU 88.0% 87.4% 88.6% 0.801
FMLP (scaling factor=0.7) + GRU 87.7% 90.8% 84.7% 0.812

Table 4: Comparison of different approaches; Single-M and Multi-M are the abbreviations for single-model approach and multi-model
approach.

Balanced Accuracy Accuracy (Non-Congested) Accuracy (Congested) F-score

Naive Approach (downlink usage) 85.1% 91.9% 78.3% 0.787
Naive Approach (connected users) 67.9% 69.1% 66.6% 0.540

MLP-based (downlink usage) 86.9% 92.4% 81.5% 0.810
MLP-based (connected users) 67.6% 68.5% 67.4% 0.541

Table 5: Comparison of different features.

corresponding to the observations of two weeks. For each
sequence, the forecasting model first predicts the normal-
ized value of the downlink usage for the next two steps,
then the real value (in Erlang) of the predicted downlink
usage is obtained by denormalizing the predictions using
the corresponding mean and standard deviation, and it is
used by the predictive approach for decision making; the
ground-truth of the predictive classification is generated
using the future downlink usage (in Erlang) of the refer-
ence cell and the adjacent cells, and the details can be
found in Section 5.1. The results are shown in Table 4.

In Table 4, the best two models are the multi-model ap-
proach MoQ+GRU and FMLP (scaling factor=0.6)+GRU
as they have much higher accuracy of detecting the con-
gestion events while obtaining good overall performance.
For instance, compared to the naive approach, MoQ+GRU
achieves 3.1% higher average classification accuracy and
8.7% higher accuracy of classifying the potential conges-
tion; even though the use of prediction models introduces
additional complexity (Table 1), the cost is still accept-
able for mobile operators considering the improvement of
congestion detection is significant. From the global point
of view, predictive approaches are better than the naive
approach especially for detecting the future mobile traffic
unbalance. Among the single-model approaches, the MoQ-
based approach is the best one as we care more about the
sensitivity to the potential congestion, and its performance
is slightly better than the LSTNet-based approach. The

performance of the single model FMLP-based approach is
similar to LSTNet-based and MoQ-based approaches when
the scaling factor is set to 0.7; when we apply multi-model
approach with FMLP, the performance of FMLP+GRU is
better if the scaling factor equals to 0.6. As we discussed,
the ability of MoQ and FMLP of predicting peaks makes
them very good candidates for predicting the rapid incre-
ment of mobile demand. However, using only the single
model could be sub-optimal in the scenario of traffic re-
distribution. Due to the fact that MoQ and FMLP are
more capable of making aggressive predictions, they tend
to make higher predictions for both the reference cell and
the adjacent cells; because the maximum ratio measures
the relatively difference between the downlink usage of the
reference cell and its adjacent cells, in this case we can pur-
posely obtain a higher ratio by using a more conservative
predictor to predict the adjacent cells, which makes the
classifier more sensitive to the future load unbalance. As
the result, the approaches MoQ+GRU and FMLP+GRU
show great performance in detecting the traffic unbalance.
Besides improving the ability to detect traffic unbalance,
we can also make the classifier focus more on the balanced
case. The approach GRU+MoQ uses a conservative pre-
dictor for the reference cell and a more aggressive predictor
for the adjacent cells, which leads to the highest classifi-
cation accuracy on the non-congested class (93.8%), but
with much worse performance on other metrics. Compared
to the naive approach and the single-model approach, the
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multi-model approach shows better performance and pro-
vides higher flexibility, as it can be adjusted based on the
needs of different operating strategies of network operator.
Considering the results of both single-model solutions and
multi-model solutions, MoQ is seen as a better choice com-
pared to FMLP; even though FMLP can achieve slightly
better results in multi-model case (FMLP 0.6+GRU), the
low scaling factor would lead to much worse general fore-
casting performance which is not desired (Table 2). In this
case, FMLP is a good candidate designed for applications
which have higher requirements of computation speed and
model complexity.

Besides the comparison of algorithms, our attention
should also be focused on the choice of the network KPIs
used to perform the decision making. Among the network
KPIs, the average number of connected users is another
important variable which reflects the mobile demand in-
directly. Compared to the downlink usage, this variable
exhibits smaller variation over time which makes it much
easier to be predicted, and it is interesting to study if
the predictive approach performs better using as input the
number of connected users with respect to the downlink us-
age. Table 5 compares the performance of the approaches
using different variables. In the table, it is obvious that
the average number of connected users is not a good choice
for guiding the decision of traffic redistribution, as it can-
not measure the mobile traffic correctly. The reason be-
hind the result is simple: the mobile traffic is not always
proportional to the number of connected users by consid-
ering some users would not generate too much traffic; in
this case, even though a cell has a high number of con-
nected users, there is no guarantee that the cell also has
a high downlink demand. From this point of view, using
the downlink usage would be the better choice.

7. Conclusion and Future Works

In this work we have proposed a prediction-based ap-
proach to detect potential mobile traffic unbalance among
cells. The proposed approach is composed of a mobile traf-
fic predictor selecting from MoQ and FMLP, and a traffic
unbalance detection algorithm. Compared to other fore-
casting models, MoQ and FMLP provide much more accu-
rate peak prediction of mobile traffic. MoQ achieves great
forecasting performance along with excellent interpretabil-
ity. As MoQ is a “heavy” model, we also propose a light-
weight FMLP model. For the traffic unbalance detection,
we propose two methods including single-model predictive
approach and multi-model predictive approach. We first
perform a large scale mobile traffic analysis by using more
than 2700 cells deployed in northern Italy; extensive ex-
periments are conducted on real-world dataset to evaluate
the performance of the proposed detection approach, and
the results show the superiority of our approach in traffic
unbalance detection.

For future work, it would be interesting to integrate
the proposed approach with mobile network optimization

approaches such as MLB and CCO.
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