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Abstract—The increasing usage and diversity of data applications, 

in cellular mobile networks, is changing traffic consumption 

patterns. Studying and gaining a broader understanding of how 

impactful people’s daily lives are in application utilisation, device 

preferences, operating systems’ share, and network resource 

demands, in the time domain, for both weekdays and weekends, is 

key to increasing efficient resource usage, network optimisation, 

and reducing the operators’ costs. The purpose of this work is to 

statistically characterise the observed data by providing visual 

aids and mathematical models, thus highlighting patterns and 

better realising the implicit behaviours associated to a live cellular 

network. This document includes a background on UMTS, LTE, 

services and applications. A review of the state of the art on the 

matters of the study is featured. The entities in analysis are the 

number of active users and traffic usage, for both download and 

upload. A statistical modelling methodology is used to fit traffic 

usage, and 8 regression models are obtained, for each study case, 

and then compared and ranked based on goodness of fit statistics’ 

results, so that the models that best approximated the data are 

selected. The regression results suggest that a model resembling a 

tree stump, with 3 sections, is an adequate representation of the 

average traffic usage, for both download and upload, considering 

weekdays and weekends, for the streaming application, the 

smartphone device, and the Android and iOS operating systems. 

Keywords-UMTS; LTE; Mobile Services; Data Applications; 

Mobile Network Design and Optimisation; Statistical Modelling; 

Temporal Traffic Models. 

I.  INTRODUCTION 

The continuous work and advances in mobile 
communications, which translates into the development of new 
technologies, provide continuity to the evolving systems, and 
allow existing equipment to stay at use; these efforts are grouped 
into generations. The aim of each new generation, is to release 
features and functionalities that can deliver higher data rates and 
Quality of Service (QoS), with increased cost efficiency [1]. The 
3rd Generation Partnership Project (3GPP) was created to unify 
and standardise the mobile communications systems’ 
development, while assuring compatibility with the previous 
systems. The 3rd Generation (3G) of mobile communications, 
Universal Mobile Telecommunications System (UMTS), was 
introduced in the beginning of the new millennium, with 
significant improvement of the radio interface. Long Term 
Evolution (LTE), the 4th Generation (4G) of mobile 
communications, was designed to provide improved data rates, 

reduced latency, reduced cost-per-bit, simplified architecture 
with an all Internet Protocol (IP) network, and improved 
spectrum efficiency; while allowing compatibility with previous 
systems. Since the 2nd Generation (2G), peak data rates have 
increased more than 600 times. The 5th Generation (5G) of 
mobile communications is currently under development [1].  

LTE is anticipated to become the dominant mobile access 
technology in 2019. 5G networks are expected to be available, 
and introduced by most operators, by 2020; and, by the end of 
2022, the number of 5G subscribers is expected to reach around 
550 million. From 2016 to 2022, an increase of 1.5 billion new 
mobile subscribers is anticipated; and, by 2022, mobile 
broadband subscriptions are expected to account for 90% of all 
mobile subscriptions [2]. Total mobile data traffic is expected to 
increase at a Compound Annual Growth Rate (CAGR) of around 
45%. Between 2016 and 2022, total mobile traffic for all devices 
is expected to increase by 8 times, and smartphone traffic by 10 
times, see Figure 1. By 2022, smartphones will generate more 
than 90% of the mobile data traffic. Western Europe, is set to 
reach more than 2.7 GB per month, per smartphone, from 2016 
onwards. In 2022, monthly mobile data traffic per active 
smartphone, in Europe, will reach values up to 20 GB [2]. 

 

Figure 1. Global mobile traffic (EB per month) (adapted from [2]). 
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New mobile data services and smart devices have brought 
mobile operators a large number of new subscribers, causing an 
increase in traffic usage and service demand. Mobile operators 
must find strategies for resource management, to meet the 
ever-increasing network capacity requirements. Smartphones 
have led to explosive growth in traffic over cellular networks; 
both in volume, and traffic characteristics diversity. New mobile 
Internet applications differ from traditional ones, such as web 
browsing and File Transfer Protocol (FTP), in that they may use 
always-on connectivity, and generate a large amount of 
signalling traffic, leading to significant changes in the observed 
traffic patterns [3], [4]. 

Between 2016 and 2022, mobile video traffic is expected to 
become increasingly dominant and show the highest annual 
growth, regardless of device type, see Figure 2. Larger device 
screens, higher resolution, and new platforms for live streaming, 
cause an increase of the use of embedded video in social media 
and web pages, which contributes to the growth of video traffic 
usage. Tablets and smartphones are expected to be used equally 
for watching short video content [2]. The increase in traffic 
usage in download, must be followed by a low time-to-content 
in upload, since if the upload speed drops too low, it will limit 
the speed content can be transferred. 

 
Figure 2. Mobile traffic by application category CAGR 2016-2022 (percent) 

(adapted from [2]). 

Mobile phones have been the fastest growing segment 
among devices; the Machine-to-Machine (M2M) segment is 
expected to experience a boom in the years to come, and 
Internet-of-Things (IoT) devices, may include connected cars, 
machines, meters, wearables and other consumer electronics. By 
2020, around 26 billion connected devices are expected, of 
which, almost 15 billion will be phones, tablets, laptops and PCs 
[5]. Mobile communications systems were firstly designed for 
voice services. 

Nowadays, data applications are the main source of traffic in 
a mobile network. Mobile Network Operators (MNO) have to 
constantly adapt and upgrade their network to keep up with the 
increasing demands of network resources, while managing 
infrastructures and looking for efficient resource usage 

measures. Studying and gaining a broader understanding of how 
impactful people’s daily lives, and routines, are in application 
utilisation, device and operating system preferences, and 
network resource demands, is a step towards knowing which 
measures to take, and changes to implement, towards network 
optimisation. The purpose of this work is to characterise and 
represent the observed data, by providing visual aids and 
mathematical models; thus, highlighting patterns and 
recognising the implicit behaviours associated with the number 
of active users, traffic usage, weekdays, weekends, applications, 
devices, and operating systems. The data used for this work was 
collected at the core level of the Vodafone Portugal network, in 
Portugal, Lisbon. 

II. SERVICES AND APPLICATIONS 

In UMTS, traffic is classified into four QoS classes: 
Conversational, Streaming, Interactive, and Background. The 
QoS classes are compared in TABLE I, based on their 
performance requirements; the distinguishing factors are the 
traffic delay, the guaranteed bit rate, and the services priorities. 
The delay sensitivity is highlighted as the major differentiating 
factor. The Conversational class corresponds to the traffic with 
the highest delay sensitivity; while, the Background class 
corresponds to the lowest one. 

TABLE I. UMTS QOS CLASSES (ADAPTED FROM [6]). 

 
Service Class 

Conversational Streaming Interactive Background 
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Real time Yes Yes No No 

Symmetric Yes No No No 

Guaranteed 

Rate 
Yes Yes No No 

Delay 
Minimum 

Fixed 

Minimum 

Variable 

Moderate 

Variable 

High 

Variable 

Buffer No Yes Yes Yes 

Bursty No No Yes Yes 

Example Voice 
Video 

Streaming 

Web 

Browsing 
Email, SMS 

In the Conversational class, the emphasise goes to speech; 
due to its conversational nature, the real time conversation 
scheme is characterised by a low transfer time. The human 
perception of video and audio conversation, limits the 
acceptable communication delay. This class has maximum 
priority over network resources; the maximum transfer delay 
must be met in order to guaranty QoS; and, traffic is assumed to 
be symmetric. Voice over Internet Protocol (VoIP), is an 
example of a conversational service, characterised by a constant 
bit rate. For the Streaming class, when the MT uses real time 
audio and video, the real time streams scheme applies. 
Multimedia streaming is a technique for transferring data that 
enables the end user to access the data before the transfer is 
completed. Most of the streaming services are asymmetric, and 
more delay tolerant; nonetheless, the delay variation must be 
limited, to preserve the time relations of the end to end flow. In 
the Interactive class, traffic is assumed to be asymmetric, and the 
message is expected to arrive within a certain time; also, the 
content of the packets must be transferred transparently, with 
low bit error rate. Examples of human interaction services are 
web browsing, Social Networking Services (SNS), Instant 
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Messaging (IM), and FTP. For the Background class, traffic is 
asymmetric, and the destination does not expect the data within 
a certain interval, and immediate action is not required; in other 
words, transmission delay is not critical. This range of services 
gives priority to other classes. Examples of background 
applications are SMS, and background delivery of emails. 

In LTE, all provided services are packet based, and 
applications with distinct QoS requirements can operate 
simultaneously in a UE. In order to cover all requirements, 
different bearers are set within the EPS, to reflect the QoS they 
assure. According to [7], those bearers can be classified into two 
categories: the Minimum Guaranteed Bit Rate (GBR) bearer, 
and the Non-GBR bearers. The GBR, is used for applications 
with an associated GBR value, for which dedicated transmission 
resources are permanently allocated, at bearer establishment or 
modification. Bit rates higher than the GBR may be allowed if 
resources are accessible, which entails the definition of a 
Maximum Bit Rate (MBR) parameter, that sets an upper limit to 
the available bit rate. The Non-GBR, can be used for 
applications that require no guarantees in terms of bit rate, such 
as web browsing or FTP transfer; therefore, no bandwidth 
resources are allocated, in a permanent way, for these bearers. 
Each bearer has an associated QoS Class Identifier (QCI), 
characterised by priority, packet delay budget, and acceptable 
packet loss ratio. The QCI determines the corresponding QoS to 
be ensured in the access network, by the eNodeB. The 
standardisation of QCIs allows for vendors to have a uniform 
understanding of the underlying service characteristics, 
regardless of the manufacturer of the eNodeB equipment. The 
standardised QCIs and their characteristics are shown in Table 
II.1. 

Table II.1 – Standardised QCIs for LTE (adapted from [8]). 

QCI 
Resource 

Type 
Priority Example Services 

1 

GBR 

2 Conversational Voice 

2 4 Conversational Video (Live Streaming) 

3 3 Real Time Gaming 

4 5 Non-Conversational Video (Buffered Streaming) 

5 

Non-GBR 

1 IMS Signalling 

6 6 

Video (Buffered Streaming), 

TCP-based (e.g. www, email, chat, FTP, P2P file 

sharing, progressive video, etc.) 

7 7 
Voice, Video (Live Streaming), Interactive 

Gaming 

8 8 Video (Buffered Streaming), 

TCP-based (e.g. www, email, chat, FTP, P2P file 

sharing, progressive video, etc.) 9 9 

Traffic usage is shaped by people’s daily lives, and routines; 
thus, for different times of the day and week, and different places 
and regions, the traffic usage behaviour may change. One should 
acknowledge the diversity of applications, services and traffic 
usage, for both spatial and temporal domains; geographical areas 
can be classified into rural, suburban, urban and dense urban; 
time may be sectioned into different intervals, such as hours, 
weekdays, weekends, months, seasons, or even the school and 
holiday periods. It may also be of value to distinguish residential 
and business usage. 

The modelling process should resort to nonlinear regression 
methodologies, as linear regression might be unable to 

characterise the intrinsic behaviours of the traffic usage. 
Nonlinear regression is an iterative procedure, for adjusting a 
model, as closely as possible to a data set, by finding fit values 
for the model’s parameters. Nonlinear regression is based on the 
assumption that the scatter of data around the average curve 
should follow a normal distribution, as this would indicate that 
the data follows a recognisable pattern [28]. 

III. MODEL DEVELOPMENT AND IMPLEMENTATION 

A data set, collected from a mobile network, can be divided 
between a training set and a validation set, if the number of 
observations is large enough. The training set is used in the 
fitting process to find prediction models; and, the validation set 
is used to validate the fitted models, with an independent set of 
observations. 

The framework is illustrated in Figure 3, and a detailed 
development overview is presented in Figure 4. 

Data Collection 

Inspection

Data Analysis and 

Modelling

Models  

Assessment

Global Traffic 

Predictions

Training 

Data Set 

Validation 

Data Set 
Scenarios

 
Figure 3. Framework. 
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Figure 4. Development overview. 

Three collections, out of the original data collection, are 
studied and analysed separately, with the objective of obtaining 
models able to describe and predict the underlying data 
behaviours. The first is the Applications (App) collection, and 
refers to the APP_GROUP data; the second is the Devices (Dev) 
collection, and refers to the DEV_TYPE data; and the third is 
the Operating Systems (OpS) collection, and refers to the 
OP_SYS data: 𝑐 = {𝐴𝑝𝑝, 𝐷𝑒𝑣, 𝑂𝑝𝑆}. The entities in analysis 
are the number of active users, and traffic usage: 
𝐸 =  {𝑁𝑢 , 𝑇[𝐺𝐵]}. Both entities, 𝐸, are defined in terms of an 

hour of the day, ℎ ; a day, 𝑑 ; a collection, 𝑐 , with 𝑛  cases; a 
profile, 𝑝; a link, 𝑙; as: 𝐸(ℎ, 𝑑, 𝑐|𝑛, 𝑝, 𝑙). In a period of a day, 
there are 24 top of the hours: ℎ =  {1, … , 24}. Each collection 
is sorted into two profiles, weekdays and weekends, with 
𝑝 =  {𝑊𝐷, 𝑊𝐸} ; and,  𝑊𝐷|𝑑 = {1, … , 26} , and 𝑊𝐸|𝑑 =
{1, … , 13}. Furthermore, traffic usage is considered for both DL 
and UL links, 𝑙 = {𝐷𝐿, 𝑈𝐿}. The App collection has 10 cases, 
the Dev collection has 6 cases, and the OpS collection has 4 
cases: 

𝑐 = 𝐴𝑝𝑝, 𝑛 = {
𝐸𝑚𝑎𝑖𝑙, 𝐹𝑖𝑇𝑟, 𝐺𝑎𝑚𝑒𝑠, 𝐼𝑛𝑀𝑒, 𝑀2𝑀,

 Other, P2P, 𝑆𝑡𝑟𝑒𝑎𝑚𝑖𝑛𝑔, 𝑉𝑜𝐼𝑃, 𝑊𝑒𝑏𝐴𝑝 
}; 
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𝑐 = 𝐷𝑒𝑣, 𝑛 = {
𝐻𝑜𝑡𝑠𝑝𝑜𝑡𝑠, 𝑂𝑡ℎ𝑒𝑟𝑠, 𝑃𝑒𝑛𝑠,

𝑅𝑜𝑢𝑡𝑒𝑟𝑠, 𝑆𝑚𝑎𝑟𝑡𝑝ℎ𝑜𝑛𝑒, 𝑇𝑎𝑏𝑙𝑒𝑡
}; 

𝑐 = 𝑂𝑝𝑆, 𝑛 = {𝐴𝑛𝑑𝑟𝑜𝑖𝑑, 𝑂𝑡ℎ𝑒𝑟𝑠, 𝑊𝑖𝑛𝑑𝑜𝑤𝑠, 𝑖𝑂𝑆}. 

Four scenarios are established, { 𝑊𝐷, 𝐷𝐿} ; {𝑊𝐷, 𝑈𝐿} ; 
{𝑊𝐸, 𝐷𝐿}; and, {𝑊𝐸, 𝑈𝐿}. 

The applications, devices and operating systems collections 
are analysed, a descriptive statistical analysis is employed, and 
the data statistical distribution is assessed to check if the data 
samples have a normal distribution. 

Originally, the data set is a record of data entries for 39 days. 
After retrieving the data entries for each day, and each top of the 
hour, it is possible to start structuring the raw data set, into the 
different data collections, profiles, entities, and cases. Figure 5 
depicts the normalised total traffic for the 39 day observation 
period, distinguishing WD from WE. Once the data is structured, 
one gains access to all collections, profiles, entities, and cases, 
independently. The difference in behaviour and traffic load, 
between WD and WE, is noticeable from inspecting the figure. 

 
Figure 5. Traffic usage data observations over 39 days, from 2016/03/12 

to 2016/04/19. 

Figure 6 (a) displays the normalised DL traffic usage, for the 
Streaming case, for both WD and WE. The temporal window 
represents a day period, with a precision of a measurement of 
one hour, and 24 top of the hour observations. Each hour is 
defined by its top of the hour; and, one observation designates 
the samples for a top of the hour. There are 24 observations in 
total, and each has as many samples as the profile‘s number of 
days; WD have 26 samples per observation, and WE have 13. 

The average curve is obtained by averaging the samples for 
each top of the hour. For each top of the hour, samples have a 
different dispersion pattern about the average, quantified by the 
standard deviation, see Figure 6 (b). The average standard 
deviation is the outcome of averaging the standard deviations of 
each observation. The display of the average curve, and the 
average standard deviation region about the average, provide 
insight on the data for each observation, and over the day period. 
The data samples, of each observation, only take positive values, 
due to the nature of the data of the three entities. Figure 6 (b) 
displays the average curve, and the sample scatter about the 
average, for the Streaming case, for WD and DL. The data and 
the average curve experience a shift translation, and its values 
are normalised; normalisation is done in reference to the 
maximum value of the observations. 

  
(a) Download Data Observations. (b) Weekdays Download. 

Figure 6. APP_GROUP Streaming. 

For each top of the hour, one assesses if the statistical 
distribution of the samples about the average is normal. In truth, 
the samples only take positive values, therefore the more 
appropriate distribution to use is the truncated normal 
distribution; however, the normal distribution can be used since, 
while a sample from the normal distribution can take a positive 
or negative value, if the average is large enough, in comparison 
with the standard deviation, then the chance of finding a sample 
with negative value, within the three standard deviation region, 
is negligible[9], [10]. 

The Lilliefors Test for Normality is especially designed to 
assess if the statistical distribution is a normal distribution. The 
null hypothesis, 𝐻0 , is that the sample comes from a normal 
distribution. The Lilliefors test standardises the data using the 
sample estimates of the average, and of the standard deviation. 
The Lilliefors test measures the goodness of fit between the 
empirical Cumulative Distribution Function (CDF) of the data, 
and the theoretical CDF of the hypothesised distribution, with 
parameters estimated from the data. The Lilliefors test rejects the 
null hypothesis at a level α of significance, if 𝐷𝐿𝑖𝑙𝑙𝑖𝑒𝑓𝑜𝑟𝑠 is larger 

than the critical value [11], [12], and [13]. The Lilliefors’ test 
statistic is, 

𝐷𝐿𝑖𝑙𝑙𝑖𝑒𝑓𝑜𝑟𝑠 = max
𝑋

|�̂�𝑋(𝑥) − 𝐹𝑋(𝑥)| (1) 

where: 

• �̂�𝑋: empirical CDF; 

• 𝐹𝑋: theoretical CDF (hypothetical distribution). 

The weighted average of the percentages of non-rejected 
decisions is superior to 74%, for the App collection; to 77%, for 
the Dev collection; and, to 76%, for the OpS collection. 

The exploratory data analysis makes use of graphical and 
numerical results for an accessible and compact representation 
of the data; the entities in analysis are the number of active users 
and traffic usage. The Average Hour Weight quantifies the 
average weight each hour has in the duration of one day, and is 
represented in  Figure 7, for the number of active users, and 
traffic usage, for both DL and UL. Figure 8 shows the relation 
between traffic usage, for DL and UL, along the period of 24 
hours, highlighting the differences between DL and UL. In 
Figure 9, the Aggregated Daily Ratios quantify the average 
weight each application has in the duration of one day, for the 
number of active users, and traffic usage, for both DL and UL. 
Although E-mail, Games, InMe and M2M correspond to around 
53% of the users, combined only represent 6% of DL traffic and 
11% of UL traffic; in contrast, Streaming and WebAp only 
correspond to around 25% of the users, and add up to 78% of 
DL traffic and to 55% of UL traffic. Although Smartphone 
corresponds to around 88% of the NU, it only represents 42% of 
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DL traffic and 28% of UL traffic; in contrast, Hotspots, Pens and 
Routers correspond to around 7% of the NU, and add up to 53% 
of DL traffic and to 67% of UL traffic. Android and iOS add up 
to roughly 90% of the users, and represent around 56% of DL 
traffic and UL traffic. 

 
Figure 7. Weekdays Hour Weights. 

 

 
(a) Hourly Ratios. (b) Daily Ratios. 

Figure 8. Weekdays Traffic Ratios. 

 

 
Figure 9. Weekdays APP_GROUP Aggregated Daily Ratios. 

The Goodness Of Fit (GOF) statistics are used in the 
comparison and ranking of regression models, with the objective 
of finding the better fitting models, that best approximate each 
data case; and, to assess and validate those models, as good 
prediction models. The Root Mean Squared Error (RMSE) gives 
an indication of how different two sets of values are, by 

quantifying the error between the reference or observed, values; 
and, the predicted or estimated, values [14]. The closer the two 
sets of values are, the smaller the value of the RMSE will be. For 
fitting purposes, a lower RMSE value indicates a better 
prediction, and a value closer to 0 is preferable when evaluating 
and comparing results [12]. This statistic only takes positive 
values, and is defined as, 

√ε2̅ = √
1

𝑁
∑ (�̂�𝑖 − 𝑦𝑖)2

𝑁

𝑖=1

 (2) 

where: 

• �̂�𝑖: 𝑖
𝑡ℎ predicted value (model); 

• 𝑦𝑖: 𝑖
𝑡ℎ observed value (data set). 

The Coefficient of Determination (CD), or R-square, is 
useful when judging the adequacy of a regression model, and is 
referred to as the amount of variability in the data, explained by 
the model [14]. This statistic takes values between 0 and 1, and 
is dimensionless. For fitting purposes, a model with a higher CD 
value indicates a better prediction, and a value closer to 1 is 
preferable when evaluating and comparing results. For a CD of 
0.95, the model accounts for 95% of the variability in the data 
[9], [15], and [16]. However, it is possible to obtain a high CD 
value and find that the model is unsatisfactory. An increase of 
the model’s number of variables, or coefficients, leads to a 
higher CD value; nonetheless, adding variables to the model 
requires caution, as the quality and accuracy of the regression, 
as a prediction model, can become compromised [9]. The CD is 
defined as, 

𝑅2 = 1 −
∑ (𝑦𝑖 − �̂�𝑖)2𝑁

𝑖=1

∑ (𝑦𝑖 − �̅�)2𝑁
𝑖=1

 (3) 

where: 

• �̅�: average of the observed values. 

The Adjusted Coefficient of Determination (ACD), or 
Adjusted R-square, is helpful in assessing how reliable the CD 
measure is [14]. Adding new independent variables to the model 
may either increase, or decrease, the ACD value, in opposition 
with what happens with the CD. This statistic takes into 
consideration the number of variables of the model, against the 
number of observations. It takes values between 0 and 1, it is 
also dimensionless, and its value is less than, or equal to, the CD 
value. A sign that the regression model is a good prediction 
model, is having both measures be very similar; having a high 
value for the ACD reinforces the accuracy of the CD. For fitting 
purposes, a model is more trustworthy if both statistics have 
values closer to 1. The ACD is defined as, 

𝑅𝑎𝑑𝑗
2 = 1 −

(1 − 𝑅2)(𝑁 − 1)

𝑁 − 𝑃 − 1
 

(4) 

where: 

• 𝑃: number of predictors (model coefficients). 

When evaluating and comparing different regression 
models, with similar goodness of fit statistics results, the 
coefficient’s Confidence Interval (CI) can be a deciding factor. 
The coefficients’ CIs give a sense of the trust one can put, in the 
values obtained for the coefficients. The further apart the lower 
and upper bounds are, the less assurance one can have on the 
results; regression models that are characterised by very wide 
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CIs should be disregarded. For fitting purposes, a narrow 
interval is preferable, and indicates more adequate coefficients. 
The RMSE and the CD, are not the sole indicators of how well 
a regression model fits the data, and must be complemented by 
the ACD. The most favourable scenario is to have the regression 
model show low RMSE; high and similar, CD and ACD; and, 
narrow CIs widths. A good prediction model is one which is able 
to adequately approximate the set of observations. It is possible 
that many reasonable predictions can be obtained, so deciding 
on the more suitable one, also should have into consideration the 
underlying behaviour aspects of the data. These statistics and 
recommendations, are used as criteria and guidelines, in 
deciding, out of a model catalogue, which model better fits each 
data case. 

The fitting process is implemented using a statistical 
modelling methodology, and for each study case, provides 8 
regression models, that can assemble one or more sections, with 
linear, exponential, or gaussian equations, while ensuring 
continuity between the sections, and the initial and final points, 
of the model. A visual aid for the model catalogue is presented 
in Figure 10, showing how many sections each model has, and 
its shape. The models are Trapezoid (T); Tree Stump (TS); 
Pyramid (P); Thorn Left (TL); Thorn Right (TR); Gaussian (G); 
Double Gaussian (DG); Triple Gaussian (TG). 

  

(a) Trapezoid. (b) Tree Stump. 

  

(c) Pyramid. (d) Thorn Left. 

  

(e) Thorn Right. (f) Gaussian. 

  

(g) Double Gaussian. (h) Triple Gaussian. 

Figure 10. Model Fitting Options. 

Continuity between adjacent sections, and the initial and 
final points of the model, must be ensured. One assumes the 

amplitude, for the left and right section limits of a 𝐾𝑡ℎ section, 

as 𝑌𝑙𝑒𝑓𝑡
𝐾  and 𝑌𝑟𝑖𝑔ℎ𝑡

𝐾 , respectively. To ensure continuity for a 

model with only one section, one only needs to guaranty that the 

initial and final amplitudes of the model, 𝑌𝑙𝑒𝑓𝑡
1  and 𝑌𝑟𝑖𝑔ℎ𝑡

1 , are 

equal; for a model with two sections, one needs to guaranty that 

𝑌𝑙𝑒𝑓𝑡
1 = 𝑌𝑟𝑖𝑔ℎ𝑡

2  and 𝑌𝑟𝑖𝑔ℎ𝑡
1 = 𝑌𝑙𝑒𝑓𝑡

2 ; and, for a model with three 

sections, one needs to guaranty that 𝑌𝑙𝑒𝑓𝑡
1 = 𝑌𝑟𝑖𝑔ℎ𝑡

3  , 𝑌𝑟𝑖𝑔ℎ𝑡
1 =

𝑌𝑙𝑒𝑓𝑡
2  and 𝑌𝑟𝑖𝑔ℎ𝑡

2 = 𝑌𝑙𝑒𝑓𝑡
3 . To fulfil these conditions, an Auxiliary 

Model 𝑓(𝑋) , is introduced. Each one of the three types of 
equations, used as the basis to all models, can be regarded as a 
variant of the auxiliary model, with an allied Auxiliary Function 
𝐹(𝑋). The Auxiliary Model, 

𝑓(𝑋) = 𝑏𝑚𝑑𝑙  𝐹(𝑋) + 𝑎𝑚𝑑𝑙 (5) 

where: 

• 𝑏𝑚𝑑𝑙: auxiliary model coefficient 1; 

• 𝐹(𝑋): auxiliary function; 

• 𝑎𝑚𝑑𝑙: auxiliary model coefficient 2. 

The Linear Auxiliary Function, with 𝑏𝑚𝑑𝑙 = 𝑚𝐾  and 
𝑎𝑚𝑑𝑙 = 𝑏𝐾,  

𝐹(𝑋) = 𝑋 (6) 

The Exponential Auxiliary Function, with 𝑏𝑚𝑑𝑙 = 1  and 
𝑎𝑚𝑑𝑙 = 𝑐𝐾, 

𝐹(𝑋) = 𝑒
(𝑋−𝑡)

 𝑘   (7) 

The Gaussian Auxiliary Function, with 𝑏𝑚𝑑𝑙 = 𝑢𝐾  and 
𝑎𝑚𝑑𝑙 = 𝑣𝐾, 

𝐹(𝑋) =
1

√2𝜋σ2
𝑒

−(𝑋−μ)2

2σ2  
  (8) 

For each section, a two-equation system is used to define the 
left limit, (𝑋1, 𝑌1), and the right limit, (𝑋2, 𝑌2). The system’s 
solutions are 𝑎𝑚𝑑𝑙 and 𝑏𝑚𝑑𝑙. 

{
𝑓(𝑋1) = 𝑌1

𝑓(𝑋2) =  𝑌2
⇔ {

𝑏𝑚𝑑𝑙  𝐹(𝑋1) + 𝑎𝑚𝑑𝑙 = 𝑌1

𝑏𝑚𝑑𝑙  𝐹(𝑋2) + 𝑎𝑚𝑑𝑙 = 𝑌2
 (9) 

𝑎𝑚𝑑𝑙 =
𝑌1𝐹(𝑋2) − 𝑌2𝐹(𝑋1)

𝐹(𝑋2) − 𝐹(𝑋1)
 (10) 

𝑏𝑚𝑑𝑙 =
𝑌2 − 𝑌1

𝐹(𝑋2) − 𝐹(𝑋1)
 (11) 

The Exponential equation sections are the exception. To 
obtain reasonable values for the estimations of the coefficients, 
and for the width of the coefficient’s CI, one coefficient is fixed, 
specifically 𝑏𝑚𝑑𝑙 = 1. For the exponential auxiliary function, 
the system’s solutions are 𝑡𝑚𝑑𝑙 and 𝑘𝑚𝑑𝑙. 

𝑡𝑚𝑑𝑙 =
𝑋1𝑙𝑜𝑔(𝑌2 − 𝑎𝑚𝑑𝑙) − 𝑋2𝑙𝑜𝑔(𝑌1 − 𝑎𝑚𝑑𝑙)

𝑙𝑜𝑔(𝑌1 − 𝑎𝑚𝑑𝑙) − 𝑙𝑜𝑔(𝑌2 − 𝑎𝑚𝑑𝑙)
 (12) 

𝑘𝑚𝑑𝑙 =
𝑋1 − 𝑋2

𝑙𝑜𝑔(𝑌1 − 𝑎𝑚𝑑𝑙) − 𝑙𝑜𝑔(𝑌2 − 𝑎𝑚𝑑𝑙)
 (13) 

For the rest of the points where continuity must be ensured, 
the same approach applies. Depending on what type of section 
equation it is, different system’s solutions are used. The 
expressions for 𝑎𝑚𝑑𝑙, 𝑏𝑚𝑑𝑙, 𝑡𝑚𝑑𝑙 , and 𝑘𝑚𝑑𝑙, are placed into the 
original models, from the model catalogue, in accordance with 
each section’s equation. At the end of the fitting process, the 
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coefficient’s values are retrieved based on the same respective 
expressions. 

The RMSE, the CD and the ACD are used as criteria of 
comparison, and ranking, between the obtained models. For 
more accurate and meaningful results, only eligible models that 
guaranty a RMSE lower than 10%, and a CD and an ACD higher 
than 90% will be used to represent each data collection. 
Regarding WD and DL, for each application, TABLE II shows 
the statistics’ results obtained, for each one of the 8 models.  

TABLE II. WEEKDAYS DOWNLOAD APP_GROUP. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

RMSE √𝜀2̅̅̅ [%] 
T 9.5 7.2 4.5 7.6 5.4 8.9 7.9 4.0 6.7 6.8 

TS 4.1 3.5 4.2 6.0 4.2 9.8 4.3 2.5 2.8 4.4 

P 10.1 13.3 5.5 11.2 10.8 10.4 12.3 8.0 8.1 14.3 

TL 10.2 12.3 6.1 14.3 12.5 10.9 13.5 11.9 11.8 16.1 

TR 12.3 15.9 5.9 12.7 13.3 9.7 8.6 6.4 4.1 16.2 

G 10.5 13.2 6.7 9.1 10.1 11.2 9.6 10.6 11.7 12.3 

DG 4.4 8.1 3.8 6.3 6.8 8.9 6.7 5.7 6.0 11.5 

TG 2.9 3.2 3.0 3.0 1.9 8.4 5.5 2.1 1.9 4.3 

CD 𝑅2[%] 
T 92.5 94.6 97.2 95.4 96.9 87.8 88.2 98.0 94.6 95.9 

TS 98.6 98.7 97.6 97.2 98.2 85.2 96.4 99.2 99.1 98.3 

P 91.5 81.4 95.9 90.0 87.6 83.3 71.4 91.8 92.1 81.8 

TL 91.3 84.1 94.9 83.8 83.5 81.6 65.3 81.8 83.2 77.2 

TR 87.5 73.6 95.2 87.3 81.4 85.3 85.8 94.7 97.9 76.9 

G 90.8 81.7 94.0 93.5 89.3 80.5 82.3 85.5 83.4 86.7 

DG 98.4 93.1 98.0 96.8 95.1 87.7 91.4 95.8 95.7 88.4 

TG 99.3 98.9 98.8 99.3 99.6 89.2 94.2 99.4 99.6 98.3 

ACD 𝑅𝑎𝑑𝑗 
2 [%] 

T 90.9 93.5 96.6 94.5 96.2 85.3 85.7 97.6 93.4 95.0 

TS 98.1 98.3 96.7 96.2 97.5 79.9 95.1 98.9 98.7 97.7 

P 90.7 79.7 95.5 89.1 86.4 81.7 68.7 91.0 91.4 80.1 

TL 90.0 81.7 94.1 81.3 81.0 78.8 60.1 79.1 80.6 73.7 

TR 85.6 69.6 94.5 85.4 78.6 83.1 83.7 93.9 97.6 73.4 

G 89.4 79.0 93.1 92.5 87.7 77.6 79.6 83.3 81.0 84.7 

DG 97.8 90.7 97.3 95.7 93.4 83.3 88.4 94.3 94.1 84.3 

TG 98.8 98.1 97.8 98.7 99.3 80.9 89.7 99.0 99.3 97.1 
(1) E Mail, (2) FiTr, (3) Games, (4) InMe, (5) M2M, (6) Other, (7) P2P, (8) Streaming, (9) VoIP, (10) 

WebAp. 

For the App collection, the RMSE varies between 1% and 
16.2%; the CD varies between 99.9% and 65.3%; and, the ACD 
varies between 99.8% and 60.1%. For the Dev collection, the 
RMSE varies between 0.9% and 17.5%; the CD varies between 
99.9% and 46.9%; and, the ACD varies between 99.8% and 
39.0%. For the OpS collection, the RMSE varies between 0.9% 
and 16.8%; the CD varies between 99.9% and 68.2%; and, the 
ACD varies between 99.8% and 63.4%. 

A model that presents the best results for a statistic, fulfils 
the criteria for that statistic; and, a model that fulfils all three 
criteria the best is ranked first. The following tables are the 
product of the inspection and comparison of the GOF statistics 
tables. The focus is on the first and second ranked models. 
TABLE III, TABLE IV and TABLE V, list the Best models, 
ranked as first or second, for 4 scenarios, and each case of a 
collection. Regarding the best ranked models, for the App 
collection, the more used models are TG, TS and DG; for the 
Dev collection, the more used models are TG, TS and DG; and, 
for the OpS collection, the more used models are TG and TS. 

TABLE III. APP_GROUP BEST MODELS: RANKING. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

W
D

 

D
L

 1º TG TG TG TG TG TG TS TG TG TS 

2º TS TS DG TS TS T TG TS TS TG 

W
D

 

U
L

 1º DG TG TG TG TG TG DG TS TG TG 

2º TG DG TS DG DG DG TS T DG TS 

W
E

 

D
L

 1º TG TG T TG TG TS DG TS TS TG 

2º DG TS TS TS TS TG TS TG TG TS 

W
E

 

U
L

 1º TG TG TG TG TG TG T TS TS TG 

2º DG DG DG DG DG TS TG T TR TS 
(1) E Mail, (2) FiTr, (3) Games, (4) InMe, (5) M2M, (6) Other, (7) P2P, (8) Streaming, (9) VoIP, (10) 

WebAp. 

TABLE IV. DEV_TYPE BEST MODELS: RANKING. 

 (1) (2) (3) (4) (5) (6) 

W
D

 

D
L

 1º TG TG TG TS TS TS 

2º TS TS TS DG T TG 

W
D

 

U
L

 1º TG TG TG TG TG TG 

2º TS DG DG TS TS TS 

W
E

 

D
L

 1º TS TG TG TS TG TS 

2º TG DG TS T T TG 

W
E

 

U
L

 1º TS TS TG TG TG TG 

2º TG TG DG DG DG DG 
(1) Hotspots, (2) Others, (3) Pens, (4) Routers, (5) Smartphone, (6) Tablet 

TABLE V. OP_SYS BEST MODELS: RANKING. 

 (1) (2) (3) (4) 

W
D

 

D
L

 1º TG TG TS TS 

2º TS TS T T 

W
D

 

U
L

 1º TG TG TG TG 

2º DG TS T T 

W
E

 

D
L

 1º TG TS TG TG 

2º TS TG TS TS 

W
E

 

U
L

 1º TG TG TG TG 

2º DG TS T T 
(1) Android, (2) Others, (3) Windows, (4) iOS 

TABLE VI, TABLE VII and TABLE VIII, list the General 
models, for 4 scenarios, and each case of a collection. For the 
App collection, and General models, the RMSE varies between 
1.0% and 5.7%; the CD varies between 99.9% and 95.3%; and, 
the ACD varies between 99.8% and 93.7%. For the Dev 
collection, and General models, the RMSE varies between 1.5% 
and 8.9%; the CD varies between 99.7% and 95.0%; and, the 
ACD varies between 99.6% and 93.2%. For the OpS collection, 
and General models, the RMSE varies between 1.5% and 7.1%; 
the CD varies between 99.7% and 95.2%; and, the ACD varies 
between 99.6% and 93.5%. 

TABLE VI. APP_GROUP GENERAL MODEL. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

WD DL DG TG TS TG TG TG TS TS TS TS 

WD UL DG TG TS TG TG TG TS TS TS TS 

WE DL TG TG P TG TS TS TS TS TS TS 

WE UL TG TG TS TG TS TS TR TS TR TS 
(1) E Mail, (2) FiTr, (3) Games, (4) InMe, (5) M2M, (6) Other, (7) P2P, (8) Streaming, (9) VoIP, (10) 

WebAp. 

TABLE VII. DEV_TYPE GENERAL MODEL. 

 (1) (2) (3) (4) (5) (6) 

WD DL TS TG TS TS TS TS 

WD UL TS TG TS TS TS TS 

WE DL TS TS TS TS TS TS 

WE UL TS TS TS TS TS TS 
(1) Hotspots, (2) Others, (3) Pens, (4) Routers, (5) Smartphone, (6) Tablet 
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TABLE VIII. OP_SYS GENERAL MODEL. 

 (1) (2) (3) (4) 

WD DL TS TS TS TS 

WD UL TS TS TS TS 

WE DL TS TS TS TS 

WE UL TS TS TS TS 
(1) Android, (2) Others, (3) Windows, (4) iOS 

The Best Models and General Models guarantee a √𝜀2̅̅̅ ≤
10%, a 𝑅2 ≥ 95% and a 𝑅𝑎𝑑𝑗

2 ≥ 90%. 

For Streaming, Smartphone, and Android, regarding the 
scenario WD, DL, the obtained General models are presented, 
indicating the name, the average standard deviation, the section 
number, the time period, the corresponding equation type, and 
the respective coefficient values; in TABLE IX, TABLE X, and, 
TABLE XI, respectively. 

TABLE IX. WEEKDAYS DOWNLOAD APP_GROUP STREAMING 

GENERAL MODEL. 

𝜎[%]  =  5.763 

Model Tree Stump 

Section1 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [06; 10] Section2 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [10; 24] Section3 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [00; 06] 

Eq. Coefficients Eq. Coefficients Eq. Coefficients 

𝑓𝑒𝑥𝑝 

𝑐1  0.035 

𝑓𝑙𝑖𝑛𝑒𝑎𝑟 

𝑏2  0.162 

𝑓𝑒𝑥𝑝 

𝑐3  0.000 

𝑘1  0.104 𝑚2  0.879 𝑘3  -0.125 

𝑡1  0.498   𝑡3  0.993 

 

TABLE X. WEEKDAYS DOWNLOAD DEV_TYPE SMARTPHONE 

GENERAL MODEL. 

𝜎[%]  =  5.585 

Model Tree Stump 

Section1 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [06; 09] Section2 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [09; 24] Section3 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [00; 06] 

Eq. Coefficients Eq. Coefficients Eq. Coefficients 

𝑓𝑒𝑥𝑝 

𝑐1  0.000 

𝑓𝑙𝑖𝑛𝑒𝑎𝑟 

𝑏2  0.681 

𝑓𝑒𝑥𝑝 

𝑐3  0.000 

𝑘1  0.058 𝑚2  0.289 𝑘3  -0.105 

𝑡1  0.402   𝑡3  0.978 

 

TABLE XI. WEEKDAYS DOWNLOAD OP_SYS ANDROID GENERAL 

MODEL. 

𝜎[%]  =  5.439  

Model Tree Stump 

Section1 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [06; 10] Section2 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [10; 24] Section3 [𝑋𝑖 ; 𝑋𝑓]
[ℎ]

 [00; 06] 

Eq. Coefficients Eq. Coefficients Eq. Coefficients 

𝑓𝑒𝑥𝑝 

𝑐1  0.000 

𝑓𝑙𝑖𝑛𝑒𝑎𝑟 

𝑏2  0.770 

𝑓𝑒𝑥𝑝 

𝑐3  0.045 

𝑘1  0.085 𝑚2  0.188 𝑘3  -0.097 

𝑡1  0.445   𝑡3  0.971 

IV. MODELS’ ASSESSMENT AND APPLICABILITY 

A new data set is introduced, to assess the reliability and 
prediction capacity of the regression models. The General 
models are compared against the validation data set; and one 
verifies if the Average Global Traffic curve of the validation set, 
matches well with the Prediction Global Traffic curve, based on 
the information of the validation set, and the application of the 

General models obtained for the training set. TABLE XII the 
validation results, regarding WD and DL, for the App collection. 

TABLE XII. WEEKDAYS DOWNLOAD APP_GROUP. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

G
en

er
al

 

M
o
d
el

 √𝜀2̅̅̅   5.9  11.7  6.4  5.3  4.8  11.8  4.8  2.0  5.3 

𝑅2   96.6  83.4  94.4  97.8  97.5  78.6  97.0  99.6  97.6 

𝑅𝑎𝑑𝑗
2    94.2  71.5  90.4  96.3  95.8  71.4  94.8  99.2  96.8 

B
es

t 

M
o
d
el

 √𝜀2̅̅̅   6.6  11.7  5.9  5.3  4.8  11.8  4.5  3.0  5.3 

𝑅2   95.8  83.4  95.2  97.8  97.5  78.6  97.3  99.0  97.6 

𝑅𝑎𝑑𝑗
2    94.4  71.5  93.6  96.3  95.8  71.4  96.4  98.7  96.8 

(1) E Mail, (2) FiTr, (3) Games, (4) InMe, (5) M2M, (6) Other, (7) P2P, (8) Streaming, (9) VoIP, (10) 

WebAp. 

Regarding the App collection, for the validation set, the 

General and Best models guaranteed a √𝜀2̅̅̅ < 12%, a 𝑅2 >
80%  and a 𝑅𝑎𝑑𝑗

2 > 80% ; and the exception cases guaranty 

reliable results. Regarding the Dev collection, for the validation 

set, the General and Best models guaranteed a √𝜀2̅̅̅ < 7%, a 

𝑅2 > 94% and a 𝑅𝑎𝑑𝑗
2 > 92%; and for the exception cases the 

results should be used with some reservations. Regarding the 
OpS collection, for the validation set, the General and Best 

models guaranteed a √𝜀2̅̅̅ < 12%, a 𝑅2 > 83% and a 𝑅𝑎𝑑𝑗
2 >

71% . For all three collections, the obtained values, for the 
General and Best models’ results, do not show a mentionable 
difference, supporting the right decision of, in some cases, using 
another model as the General model instead of the first ranked 
best model. To demonstrate the ability of these models to 
characterise and predict applications and devices behaviours, 
and reinforce the reliability of the results, the average global 
traffic for the validation data set is approximated with the 
obtained models, using the ratio inputs collected from that same 
validation data set. 

Regarding a data collection, the Global Traffic model, for 
DL or UL, is, 

𝑇𝐺(𝑡) = ∑ 𝑤𝑛
𝑁𝑢̅̅ ̅̅ ̅̅  𝑇𝑛  𝑓𝑛(𝑡)

𝑁𝑛

𝑛=1

 (14) 

where: 

• 𝑓𝑛(𝑡): regression model. 

The Global Traffic model can be used for approximating the 
average global traffic curve of a data collection, and leads to the 
Expected Global Traffic for that data inputs; or can also be used 
for predicting the Global Traffic for established scenarios, which 
is useful for studying and understanding the impact the variation 
to the number of active users, and the maximum traffic values, 
can have on the resulting Global Traffic curve. 

For the Expected Global Traffic, the expected App curve 
shows more details, making perceptible the influence of the 
different contributions for the global traffic; the expected Dev 
curve shows a more uniform behaviour for the hours of highest 
traffic usage, which arises from the fact that the majority of the 
General models, that characterise each device, are TS models. 
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Regarding the App collection, the expected global traffic curves 

guarantee a √𝜀2̅̅̅ < 12% and a 𝑅2 > 84%; and, regarding the 
Dev collection, the expected global traffic curves guarantee a 

√𝜀2̅̅̅ < 11% and a 𝑅2 > 86%. The Global Traffic Model, based 
on the regression models obtained, returns reliable predictions, 
regardless of the time of the year and origin of the data set.  

For two distinct times of the year, in which one of the periods 
shows the length of day increasing throughout the days, and the 
other shows the length of day decreasing, for WD, people follow 
a more structured schedule, so there are no noteworthy 
differences; for WE, as for the first case there is sunlight until 
later in the day, people stay active until later hours of the night, 
while, for the second case, people start the day slightly earlier to 
seize the natural light and end up being less active during the 
later hours of the night. 

For the Prediction Global Traffic curves, different scale 
factors, lead to different behaviours and curve shapes, 
emphasising the more influential cases. 

V. MODEL COLLECTIONS AND TRAFFIC USAGE 

CONSIDERATIONS 

Regarding the App collection, VoIP, InMe and P2P reveal 
symmetric traffic usage, with nearly the same usage of DL and 
UL; and, E mail, FiTr, Games, M2M, Streaming and WebAp 
reveal higher usage of DL than UL. Some applications are more 
sensitive to daily life. Lunch time varies depending on if it is 
WD or WE; starting earlier on WD, around 13:00, from the 
hours of 12 to 14; and, on WE, around 15:00, from the hours of 
13 to 16. Dinner time is the same, for both WD and WE, from 
20 to 22, with a minimum around 21. For both WD and WE, the 
bulk of activity decreases after 22, with a faster reduction after 
midnight. During the WE, entertainment, leisure and personal 
purpose applications, either maintain the same overall traffic 
usage or show an increase in activity, since it is when most 
people take time to rest and pursue their interests and hobbies. 

Figure 11, Figure 12, and Figure 13, show the General 
models obtained, for the App, Dev, and OpS, collections; for the 
4 scenarios considered; and, a time window from 00:00 to 24:00. 

 

  
(a) Weekdays Download. (b) Weekdays Upload. 

  
(c) Weekends Download. (d) Weekends Upload. 

Figure 11. App Collection General Models. 

 

  
(a) Weekdays Download. (b) Weekdays Upload. 

  
(c) Weekends Download. (d) Weekends Upload. 

Figure 12. Dev Collection General Models. 

 

 

  

(a) Weekdays Download. (b) Weekdays Upload. 

  

(c) Weekends Download. (d) Weekends Upload. 

Figure 13. OpS Collection Android and iOS General Models. 

Smartphone and Tablet, during commute times, due to 
mobility and their compact size, allow the user, to check their e 
mail, news, SNS, or read a book, in a quick and simple manner. 
These types of terminals gather all conveniences in one 
equipment, and are gradually replacing the paper format. 
Android or iOS operating systems are mostly used in 
smartphones; during the lower activity period, due to 
background signalling, and keep alive messages, Android 
maintains higher UL traffic. The overall traffic usage of these 
operating systems remains nearly the same for the entire week, 
which emphasises the uniform and permanent, every day, 
utilisation of smartphones. Devices and operating systems must 
be developed with the easiness of use in mind. 

The global busy hours, for WD, are between 10:00 and 
24:00; WE present a delayed and slower start to the days’ 
activities. The daytime can influence peoples’ activity levels and 
dispositions, which can alter slightly the busy hours. Knowing 
the busy hour traffic usage allows to define the maximum traffic 
capacity the network should guarantee to satisfy all active users. 
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After midnight, up until the early hours of the morning, there is 
a low activity period, that represent less than 10% of the average 
daily traffic usage, and so, the available resources and, network 
managing structures, may be reduced. 

VI. CONCLUSIONS 

For different periods of the day, with different requirements, 
different network configurations may be deployed to maintain 
communications, and increase efficient resource usage. A better 
management of infrastructures and resources, based on the 
model prediction of the behaviour of data, reduces the operators’ 
costs. 

The regression models can be used to guide and establish 
target resource values and help define the allocation of data 
rates; or predict traffic usage by scaling the curves to the 
maximum expected values; or, by combining different models, 
obtain a global traffic prediction. Understanding and being able 
to model data behaviours and traffic usage is crucial to the 
design and optimisation of networks. 

The regression models, either Best or General, can be tested 
against new data from a live cellular network, for different 
regions, with different locality granularity, for different times of 
the year, or even different countries, to assess if their 
applicability still prevails. 
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