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Abstract

:

Fifth-generation (5G) networks require efficient radio resource management (RRM) which should dynamically adapt to the current network load and user needs. Monitoring and forecasting network performance requirements and metrics helps with this task. One of the parameters that highly influences radio resource management is the profile of user traffic generated by various 5G applications. Forecasting such mobile network profiles helps with numerous RRM tasks such as network slicing and load balancing. In this paper, we analyze a dataset from a mobile network operator in Portugal that contains information about volumes of traffic in download and upload directions in one-hour time slots. We apply two statistical models for forecasting download and upload traffic profiles, namely, seasonal autoregressive integrated moving average (SARIMA) and Holt-Winters models. We demonstrate that both models are suitable for forecasting mobile network traffic. Nevertheless, the SARIMA model is more appropriate for download traffic (e.g., MAPE [mean absolute percentage error] of 11.2% vs. 15% for Holt-Winters), while the Holt-Winters model is better suited for upload traffic (e.g., MAPE of 4.17% vs. 9.9% for SARIMA and Holt-Winters, respectively).
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1. Introduction


Fifth-generation (5G) and 6G networks [1,2] are expected to support a wide range of new technologies, such as drones and virtual/augmented reality, which require high bit rates, lower latency, and increased throughput [3,4,5]. The number of connected devices is increasing, resulting in a dramatic growth in traffic volume, causing anomalies such as network congestion, decreased quality of service, network delays, data loss, and blocking of new connections [6]. The network architecture should adapt to the volumes of traffic generated by various applications and use it for decision-making, taking into account several types of traffic with different service and priority requirements [7,8,9]. Artificial intelligence (AI) and machine learning (ML) are now trends for 5G networks that could provide more efficient and reasonable network planning and management [10]. AI and ML models could be trained on a large amount of data that service providers collect [11]. The collected data should be reliable, and the analysis carried out should be accurate [12].



Network traffic forecasting is one of the tasks that use ML methods for effective network management [13,14]. This task aims to identify potential problems before they occur, reduce service outages, manage user needs, and analyze user behavior in applications [15]. For example, traffic forecasting is used for smart power consumption by a base station [11]. In [16], this problem is considered based on network slicing, mobile edge computing, base station sleeping, and additional power during high-demand hours. Traffic forecasting is divided into short-term and long-term, but sometimes medium-term forecasting is also necessary [17].



1.1. Related Work


Forecasting methods typically begin with statistical models, such as ARIMA (autoregressive integrated moving average) [18] and its seasonal variant SARIMA, exponential smoothing (Holt-Winters, extended Holt-Winters, etc.), and regression models (multiple, linear, etc.). In addition, ML and deep learning models, Gaussian models (Gaussian mixture model [19,20], Gaussian process), random forests, and neural networks are also commonly used. While ML models generally outperform statistical models, there are instances where statistical models are applied for their faster processing capabilities. To achieve more accurate results, a combination of different approaches is often utilized [16]. The same applies to network traffic forecasting. LTE (long-term evolution) traffic is predicted by the ARIMA model [21], as well as bagging, random forest, and support vector machines [22]. In [23], the authors used ARIMA for post-processing the residuals of the ML algorithm, which improves the accuracy of traffic prediction. In [24], 5G traffic is forecasted by gated recurrent unit and long short-term memory (LSTM) networks. The authors of [25,26] show that LSTM is good for online forecasting.



Let us review selected papers on the subject of applying statistical models in network traffic forecasting. Table 1 provides a summary of these papers in terms of the tasks they address, the applications that generate traffic, the models used, and the metrics used to evaluate these models. Most of the papers focus on traffic forecasting, but the tasks of capacity planning [27] and resource optimization [28] are also addressed. The data are collected from several sources, including cells [29,30,31,32], devices [33], switches [34], and servers [35]. The most commonly used statistical model is the ARIMA model [36,37]. Moreover, combinations of statistical and machine learning methods are used to achieve more accurate results [38,39]. The evaluation metrics help to determine which solutions are most suitable for the proposed model. The choice of metrics depends on the specific study, such as MAE and MSE [30,31], or performance indicators [40].




1.2. Contributions


In this paper, we analyze mobile network traffic collected from a network in Portugal over a half-month period. The available data include the number of megabytes (MB) sent and received by various applications during each hour. Our goal is to forecast the total traffic behavior separately for downlink and uplink using fast processing statistical models.



The main contributions of our study are as follows:




	
We analyze the dataset of real network traffic from a mobile operator in Portugal using fast processing statistical models, namely SARIMA, and Holt-Winters, which have not been applied to this data before.



	
We demonstrate that the SARIMA model is more appropriate for forecasting download traffic, while the Holt-Winters model is better suited for forecasting upload traffic, showing appropriate errors in the considered dataset.



	
Since statistical models are suitable for fast and precise forecasting of mobile network traffic, they can be implemented in cellular operators’ solutions without a significant increase in cost.








The rest of the paper is organized as follows. Section 2 provides a description of the dataset and illustrates the traffic behavior, both in total and by various applications. In Section 3, we discuss the SARIMA and Holt-Winters models, along with the necessary preliminary checks. Section 4 outlines the metrics used for evaluating the models and presents forecasts for both download and upload traffic. Conclusions are drawn in Section 5.





2. Descriptive Statistics


In this section, we will describe the dataset and analyze the overall traffic profile, including the total traffic over all applications and the average traffic for various applications.



2.1. Dataset Description


We use the dataset obtained from a mobile network operator that offers multiple services (applications), such as Internet access, messaging, calls, file transfer, etc. The data flow is bidirectional, with traffic flowing from the base station to the user device in the downlink direction and from the device to the base station in the uplink direction. Each user device is associated with a unique masked mobile station international subscriber directory number (MSISDN). The monitoring system records the upload and download data generated by each device for each application class every hour. The statistics represent the volume of traffic in megabytes (MB) for both the download and upload directions.



Variable descriptions are provided in Table 2, and dataset records are presented in Table 3. The dataset comprises 41,479,488 records containing information for 15 days, with a total of 94,632 users’ devices. Table 4 displays the list of application classes along with the corresponding number of records. There are 16 application classes with the largest being “Web Applications”, which is a client-server application that allows a user to interact with a web server using a browser. The top three most frequently used applications by users are also “Instant Messages Applications” and online “Games”. The least used classes include “Legacy Protocols” and “DB Transactions”, which are responsible for working with database systems and file systems. The“Others” category represents non-classified applications not related to user traffic. These may include technical services such as directory services, network management services, automatic network address configuration, and mapping for location determination.




2.2. Total Traffic Behavior


Let us examine traffic behavior in this study. Table 5 provides further insight with descriptive statistics. For a specific user and application, the traffic can only flow in one direction. Therefore, there cannot be any upload traffic with non-zero download and vice versa, resulting in the minimum values of 0 in Table 5.



Specifically, let us consider upload traffic. The standard deviation is   5.322763  , and the mean is   0.5442475  . These values suggest that the ratio of the standard deviation to the array values of the samples differs, indicating that the values are distributed over a wider range of data values. For download traffic, the situation is comparable: the standard deviation is   1.702829  , and the mean is   0.05518938  , with a significant difference between the array values.



To assess the relationship between upload and download traffic, we used Spearman’s rank correlation coefficient, or Spearman’s  ρ  [18]. We chose this non-parametric method instead of the parametric Pearson method due to the fact that the Pearson criterion is applied to two quantitative indicators that have a linear relationship. Spearman’s method can be applied to any set of data without requiring additional preparation and processing of the values. Essentially, it allows for the determination of the strength of the relationship. For upload and download traffic with statistically significant differences at  ρ  < 0.01, a correlation coefficient of 0.914 indicates a very high correlation strength between upload and download traffic.




2.3. Traffic by Applications


Let us divide the application classes into three groups, as shown in Table 6. Figure 1, Figure 2 and Figure 3 illustrate the traffic profile in each group. Group No. 1 (Figure 1) is similar to the total traffic profile, and the time series is seasonal. For example, for “Web applications”, the correlation coefficient for upload and download traffic is 0.961. Group No. 2 (Figure 2) is not similar to the total traffic profile and is non-seasonal with outliers. In “Terminals” application, the correlation coefficient is 0.935. Group No. 3 (Figure 3) is not similar to the total traffic profile and is seasonal. For example, in “VoIP”, the coefficient is 0.708.





3. Statistical Models for Forecasting Traffic


In this section, we provide a description and formulas for two models that we will use for forecasting mobile network traffic: the SARIMA and Holt-Winters models. Table 7 includes the notations used for the parameters of the SARIMA and Holt-Winters models.



3.1. Seasonal ARIMA Model


The seasonal autoregressive integrated moving average (SARIMA) model is an extension of the ARIMA model that explicitly supports univariate time series data with a seasonal component [45,46,47]. The model comprises three hyperparameters that define the autoregressive (AR), integrated (I), and moving average (MA) for the non-seasonal component of the time series, as well as an additional hyperparameter for the seasonal period (S). The model is denoted as SARIMA    ( p , d , q )    ( P , D , Q )  m   , where the first three parameters   ( p , d , q )   refer to the non-seasonal part of the model (ARIMA), whereas the last parameters    ( P , D , Q )  m   represent the seasonal part. Specifically, p is the order (number of time lags) of the non-seasonal AR part, d is the degree of differencing (the number of times the data have had past values subtracted) for the non-seasonal part, q is the order of the non-seasonal MA part, P is the order of the seasonal AR part, D is the degree of differencing for the seasonal part, Q is the order of the seasonal MA part, and m is the number of periods in each season.



Given a time series of data   x i  ,   i = 0 , … , t − 1  , in order to calculate the forecast value of    y t  =  x t    at time t, the SARIMA model is used and written as


      1 −  ∑  i = 1  p    ϕ i   L i     1 −  ∑  i = 1  P    Φ i   L  i m       1 − L  d    1 −  L m   D   x t        =     1 +  ∑  i = 1  q    θ i   L i     1 +  ∑  i = 1  Q    Θ i   L  i m      ε t  ,     








where   L  x t  =  x  t − 1     and    L i   x t  =  x  t − i     represent the lag operator,   ε t   are the error terms,   ϕ i   are the parameters of the non-seasonal AR part of the model,   θ i   are the parameters of the non-seasonal MA part,   Φ i   are the parameters of the seasonal AR part,   Θ i   are the parameters of the seasonal MA part.




3.2. Holt-Winters Model


The Holt-Winters model, also known as triple exponential smoothing, is used to predict time series data that exhibit both trend and seasonal variations [18,46,47]. There are different types of trends and seasonality: additive and multiplicative in nature, meaning linear and exponential, respectively.



Given a time series of data   x i  ,   i = 0 , … , t − 1  , let us denote the forecast value of   x t   at time t as   y t  , the smoothed value of   x t   at time t as   s t  , the estimate of the trend at time t as   b t  , and the seasonal change factor at time t as   c t  . Depending on the types of trend and seasonality, the following formulas represent the Holt-Winters model [48]:




	
additive (linear) trend and additive (linear) seasonality


     y  t + h      =  s t  + h  b t  +  c  t + h − m  ⌊   h − 1  m  ⌋ + 1    ,       s t     = α  (  x t  −  c  t − m   )  +  ( 1 − α )   (  s  t − 1   +  b  t − 1   )  ,       b t     = β  (  s t  −  s  t − 1   )  +  ( 1 − β )   b  t − 1   ,       c t     = γ  (  x t  −  s t  )  +  ( 1 − γ )   c  t − m   ;     











	
multiplicative (exponential) trend and additive (linear) seasonality


     y  t + h      =  s t  · h  b t  +  c  t + h − m  ⌊   h − 1  m  ⌋ + 1    ,       s t     = α  (  x t  −  c  t − m   )  +  ( 1 − α )   s  t − 1   ·  b  t − 1   ,       b t     = β   s t   s  t − 1    +  ( 1 − β )   b  t − 1   ,       c t     = γ  (  x t  −  s t  )  +  ( 1 − γ )   c  t − m   ;     











	
additive (linear) trend and multiplicative (exponential) seasonality


     y  t + h      =   s t  + h  b t   ·  c  t + h − m  ⌊   h − 1  m  ⌋ + 1    ,       s t     = α   x t   c  t − m    +  ( 1 − α )   (  s  t − 1   +  b  t − 1   )  ,       b t     = β  (  s t  −  s  t − 1   )  +  ( 1 − β )   b  t − 1   ,       c t     = γ   x t   s t   +  ( 1 − γ )   c  t − m   ;     











	
multiplicative (exponential) trend and multiplicative (exponential) seasonality


     y  t + h      =  s t  · h  b t  ·  c  t + h − m  ⌊   h − 1  m  ⌋ + 1    ,       s t     = α   x t   c  t − m    +  ( 1 − α )   s  t − 1   ·  b  t − 1   ,       b t     = β   s t   s  t − 1    +  ( 1 − β )   b  t − 1   ,       c t     = γ   x t   s t   +  ( 1 − γ )   c  t − m   ;     
















where  α  is the data smoothing factor,  β  is the trend smoothing factor, and  γ  is the seasonal change smoothing factor.




3.3. Preliminary Checks


Before applying the SARIMA and Holt-Winters models, some preliminary checks should be conducted [49]. Both models require that the data series exhibit seasonality. For this purpose, the STL (seasonal and trend decomposition using Loess) decomposition [50] can be employed. The seasonal period is 24 h and is associated with user activity. The seasonal variation around each level appears to increase proportionally with the current levels. Therefore, seasonality may be multiplicative. Regarding the trend, there are no significant changes in the lines, and their slopes are close to zero. Therefore, we may consider the trend as additive.



To verify the stationarity of the time series, we employed the ADF (Augmented Dickey–Fuller) test [51] and the KPSS (Kwiatkowski–Phillips–Schmidt–Shin) test. In both tests, the test statistic should be less than the significance level of   α = 0.05  . The ADF test assesses the null hypothesis that the time series is not stationary. For both upload and download traffic, the p-values are less than 0.05, with values of 0.00063973 and 0.000000725, respectively. The null hypothesis for the KPSS test is opposite to that of the ADF test. The p-value for the KPSS test is 0.1 in both cases, which exceeds   α = 0.05  . Therefore, we can conclude that the time series is stationary.





4. Forecasting Download and Upload Traffic


In this section, we will begin with discussing the metrics used to evaluate the models, and then move on to forecasting download and upload traffic.



4.1. Evaluation Metrics


The first step is to choose the parameters for the models. For the SARIMA model, we choose the parameters   p , d , q , P , D , Q   using the Akaike information criterion (AIC) [46] in order to minimize it. Specifically, we use the following equation for AIC:


  AIC = 2 k − 2 log ( L ) = 2 ( p + q + P + Q ) − 2 log ( L ) ,  








where k is the number of estimated parameters in the model, and L is the maximized value of the likelihood function for the model. For the Holt-Winters model, the equations depend on the types of trend and seasonality, namely, additive and multiplicative. We perform brute force checks to determine the appropriate equations.



The second step is to compare different models. We use typical evaluation metrics [52,53] such as mean squared error (MSE), root mean square error (RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE), and mean squared logarithmic error (MSLE). Table 8 provides a summary of these metrics. In our notation,   x t   represents the time series data and   y t   denotes the forecasted value of   x t  .



The dataset was normalized and divided into a training dataset of 13 days and testing datasets of 2 days, which is approximately 13%. We used Python for programming and its modules statsmodels and pmdarima.




4.2. Download Traffic


For download traffic, the parameters for the SARIMA model are as follows:


  SARIMA  ( 2 , 0 , 1 )    ( 0 , 0 , 2 )  24  .  








For the Holt-Winters model, the trend appears to be multiplicative and the seasonality additive.



Figure 4 and Figure 5 show three-day forecast plots for download traffic using the SARIMA and Holt-Winters models, respectively. The black line represents the training data, the black dashed line represents the test data, the forecast is shown in purple, and the red line shows the forecast for comparison with the actual data. Table 9 summarizes the evaluation metrics that demonstrate the superiority of the Holt-Winters model in forecasting download traffic.




4.3. Upload Traffic


For upload traffic, the parameters for the SARIMA model are as follows:





  SARIMA  ( 3 , 0 , 1 )    ( 2 , 0 , 2 )  24  .  








For the Holt-Winters model, the trend appears also to be multiplicative and the seasonality additive.



The forecast for upload traffic is shown in Figure 6 and Figure 7 using the SARIMA and Holt-Winters models, respectively. By comparing the test and forecast data, we can conclude that the dynamics of the forecast peaks for upload traffic do not repeat the test values. Additionally, the fluctuations exhibit pronounced general seasonality. However, if we consider day 24, the SARIMA model shows better results as it accurately predicts the peak in the data. On the other hand, the Holt-Winters model assumes peaks in days after day 24, resulting in fluctuations that have pronounced overall seasonality and are more similar to the test data. Based on the results in Table 10, it can be concluded that the SARIMA model is more accurate in predicting upload traffic in our case.




4.4. Discussion


This study aimed to examine the effectiveness of using SARIMA and Holt-Winters models for short-term forecasting of mobile network traffic. The findings of the study indicate that both models can yield valuable insights for predicting future traffic in mobile networks. The SARIMA model has been recognized for its capability to capture temporal patterns in time series data. It exhibited effectiveness in capturing short-term fluctuations and trends in mobile network traffic. Additionally, the Holt-Winters seasonal model, designed to account for the inherent seasonality in time series data, was also explored. By incorporating seasonal components such as trend and seasonality, the Holt-Winters model successfully captured cyclical patterns of mobile network traffic.



To assess the forecast results, we computed various evaluation metrics, including MSE, RMSE, MAE, MAPE, and MSLE. The results, presented in Table 9 and Table 10, demonstrated the suitability of each model for different datasets. In an effort to facilitate comparison between the predicted and test data, distinct lines were plotted on Figure 8 with four lines representing the absolute error indicators for both models and the traffic directions.





5. Conclusions


The number of users and equipment is growing extremely quickly, and telecom operators need to understand the demand for different types of applications in next-generation networks. The ability to predict such demand would help service providers make better offers to customers. This paper has explored the use of statistical methods of data analysis in the context of 5G networks. The main objective of this study was to analyze mobile network traffic and develop forecasting models for traffic profiles. Two statistical models, SARIMA and Holt-Winters, were constructed and evaluated for this purpose. The results demonstrate that both models effectively predict the average values of upload and download traffic within a certain range. However, it was observed that the Holt-Winters model is better suited for forecasting download traffic profiles, while SARIMA is more suitable for upload traffic profiles.



From our numerical analysis, we found that each statistical method has its own specifications. There is no universality, as each dataset requires its own approach. For example, the MAPE for download traffic was 11.2% for SARIMA and 15% for Holt-Winters. However, the Holt-Winters model was better suited for upload traffic, with a MAPE of 4.17% compared to 9.9% for SARIMA and Holt-Winters, respectively. Additionally, we observed that the MSE metric for download traffic was 86 times less for the Holt-Winters model (0.00021) compared to SARIMA (0.0181). Conversely, for upload traffic, the MSE was almost four times less for SARIMA (0.00004) compared to Holt-Winters (0.0015).



Future studies will focus on combining statistical models with machine learning methods for more precise forecasts, as well as anomaly detection. By implementing such techniques, we aim to enhance the accuracy and reliability of traffic forecasting in 5G networks. These findings contribute to the growing body of knowledge surrounding the utilization of data analysis methods in the field of telecommunications.
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The following abbreviations are used in this manuscript:



	3GPP
	 3rd Generation Partnership Project



	5G
	 5th generation



	ADF
	 Augmented Dickey–Fuller test



	AI
	 Artificial Intelligence



	AIC
	 Akaike information criterion



	AR
	 Auto regressive



	ARIMA
	 Auto regressive integrated moving average



	ITU-T
	 International Telecommunications Union – Telecommunications sector



	KPSS
	 Kwiatkowski–Phillips–Schmidt–Shin test



	LSTM
	 Long short-term memory



	LTE
	 Long-term evolution



	MA
	 Moving average



	MAE
	 Mean absolute error



	MAPE
	 Mean absolute percentage error



	ML
	 Machine learning



	MSE
	 Mean squared error



	MSISDN
	 Mobile station international subscriber directory number



	MSLE
	 Mean squared logarithmic error



	P2P
	 Peer-to-peer



	RMSE
	 Root mean squared error



	SARIMA
	 Seasonal ARIMA



	VoIP
	 Voice over internet protocol
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Figure 1. “Web Applications” traffic (group of applications No. 1). 
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Figure 2. “Terminals” traffic (group of applications No. 2). 






Figure 2. “Terminals” traffic (group of applications No. 2).



[image: Futureinternet 15 00290 g002]







[image: Futureinternet 15 00290 g003] 





Figure 3. “VoIP” traffic (group of applications No. 3). 
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Figure 4. Download traffic forecast using SARIMA model. 
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Figure 5. Download traffic forecast using Holt-Winters model. 






Figure 5. Download traffic forecast using Holt-Winters model.



[image: Futureinternet 15 00290 g005]







[image: Futureinternet 15 00290 g006] 





Figure 6. Upload traffic forecast using SARIMA model. 
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Figure 7. Upload traffic forecast using Holt-Winters model. 
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Figure 8. Absolute error for traffic forecast. 
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Table 1. Summary of selected works on statistical models for network traffic forecasting.
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	Ref.
	Task
	Data Source/Application
	Model
	Evaluation Metric





	[30]
	Traffic forecasting
	Traffic from 2 cells
	ARIMA
	MAE, NMSE



	[31]
	Traffic forecasting
	Traffic from 3 LTE cells
	ARIMA, LSTM
	MSE, MAE,   R 2   score



	[34]
	Network capacity forecasting
	Circuit switch and packet switch 3G traffic
	Random walk, Linear trend, Exponential smoothing, ARIMA
	RMSE, MAPE



	[38]
	Traffic forecasting
	Traffic from 7160 LTE cells
	SARIMA, Holt-Winters, Random Forest, SVM, ANN
	MAPE, MAE



	[28]
	Recourse optimization
	Traffic from the network with discontinuous reception (DRX) scheme
	ARIMA, LSTM
	RMSE



	[39]
	Traffic congestion forecasting
	Traffic from 8 detectors of virtual reality railway
	Random walk, Historical mean, ARIMA, LSTM, GRU, DCFCN
	RMSE, MAE, MAPE



	[36]
	Traffic forecasting
	Traffic from 470 access points of an enterprise network
	Holt-Winters, SARIMA, LSTM, GRU, CNN
	MAE, RMSE, NRMSE,   R 2   score



	[40]
	Throughput forecasting
	Download traffic from HSPA network
	ARIMA, FARIMA, ANN
	Efficiency, switches per minute and buffering per minute



	[35]
	Traffic forecasting
	WiFi and cellular download traffic from a server
	ARIMA, FARIMA, SVR, RNN
	MAE, RMSE, MAPE, MASE



	[33]
	Traffic forecasting
	WiFi traffic from 15 protocols
	ARIMA
	Error rate, average absolute deviation, mean and variance of the error



	[41]
	Traffic forecasting and anomaly detection
	Traffic from wireless sensor network
	ARIMA
	Complexity, Accuracy, Intelligence, Independence



	[32]
	Traffic forecasting
	Traffic from 191 eNodeB
	ARIMA
	AIC, AICc, BIC



	[42]
	Traffic forecasting
	WLAN traffic
	ARIMA, FARIMA, SVM, Welevet, ANN
	MSE, NMSE



	[29]
	Traffic forecasting
	Voice and data traffic from 600 cells
	Exponential Smoothing, Holt-Winters
	AIC, SSR, RMSE, AMSE



	[37]
	Spectrum efficiency forecasting
	Traffic from 3 countries
	AR, MA, ARMA, ARIMA
	MAE, MSE, RMSE, NRMSE, NMAE



	[43]
	Traffic forecasting
	Traffic from an institutional wireless network
	ARIMA, ANFIS
	RMSE



	[44]
	Traffic forecasting
	LTE and 3G traffic
	ARIMA
	Percentage error between models










 





Table 2. Dataset variables.
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	Variable
	Description





	START_HOUR
	Start time of the one-hour period for measuring traffic



	MASKED_MSISDN
	Masked mobile station international subscriber directory number



	APP_CLASS
	Application class



	UPLOAD
	Incoming traffic in the uplink during one hour [MB]



	DOWNLOAD
	Outgoing traffic in the downlink during one hour [MB]










 





Table 3. Dataset records example.
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	START_HOUR
	MASKED_MSISDN
	APP_CLASS
	UPLOAD
	DOWNLOAD





	2018-02-10 01:00:00
	F6C1745A0A9DF638DE2C14683E0F250D
	Streaming Applications
	0.002527
	0.000616



	2018-02-10 01:00:00
	6474B3E3E20B5887A7593C61439250A9
	Others
	0.000828
	0.000334



	2018-02-10 01:00:00
	B05DEBB3D0E2ACD68FE47611CA3FDDCB
	Web Applications
	0.000967
	0.001813



	2018-02-10 01:00:00
	B2D5516431ECC5B6851FD9FBAE0387A7
	Games
	0.000039
	0.000052



	2018-02-10 01:00:00
	5B507EECA75149121F9C86E8690109D8
	Mail
	0.012802
	0.006137
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	Application
	No. Records
	Application
	No. Records





	Web Applications
	9,641,283
	Others
	6,464,018



	Instant Messaging Applications
	5,540,289
	Games
	5,199,684



	File Transfer
	4,259,626
	Mail
	2,622,758



	Streaming Applications
	2,420,552
	VoIP
	1,825,777



	Security
	1,667,752
	Music Streaming
	790,107



	Network Operation
	635,634
	P2P Applications
	274,245



	Terminals
	121,807
	File Systems
	10,118



	DB Transactions
	5816
	Legacy Protocols
	22










 





Table 5. Descriptive statistics for total traffic.
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	Upload
	Download





	Mean
	   0.5442475   
	   0.05518938   



	Standard deviation
	   5.322763   
	   1.702829   



	Minimum
	0
	0



	Mode
	   0.000029   
	   0.00001   



	Maximum
	   2324.251   
	   1337.792   
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Table 6. Groups of applications.





	Group
	Applications





	1. Time series is similar to the total traffic profile and seasonal
	Others, Streaming Applications, Web Applications



	2. Time series is not similar to the total traffic profile and non-seasonal with outliers
	DB Transactions, File Systems, File Transfer, Games, Mail, Music Streaming, P2P Applications, Security, Terminals



	3. Time series is not similar to the total traffic profile and seasonal
	Instant Messaging Applications, Legacy Protocols, VoIP, Network Operation










 





Table 7. Main notation.
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Parameter

	
Description






	
Time series parameters




	
   x t   

	
Time series of data




	
   y t   

	
Forecast value of   x t  




	
SARIMA model parameters




	
p

	
Order of the non-seasonal AR part




	
d

	
Degree of differencing for the non-seasonal part




	
q

	
Order of the non-seasonal MA part




	
P

	
Order of the seasonal AR part




	
D

	
Degree of differencing for the seasonal part




	
Q

	
Order of the seasonal MA part




	
m

	
Number of periods in each season




	
   L  x t  =  x  t − 1   ,    L i   x t  =  x  t − i     

	
Lag operator




	
   ε t   

	
Error terms




	
   ϕ i   

	
Parameters of the non-seasonal AR part




	
   θ i   

	
Parameters of the non-seasonal MA part




	
   Φ i   

	
Parameters of the seasonal AR part




	
   Θ i   

	
Parameters of the seasonal MA part




	
Holt-Winters model parameters




	
   s t   

	
Smoothed value of   x t  




	
   b t   

	
Estimate of the trend




	
   c t   

	
Seasonal change factor




	
  α  

	
Data smoothing factor




	
  β  

	
Trend smoothing factor




	
  γ  

	
Seasonal change smoothing factor











 





Table 8. Metrics for traffic forecast evaluation.
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	Metric
	Formula





	Mean squared error (MSE)
	

    1 n   ∑  t = 1  n     x t  −  y t   2    











	Root mean square error (RMSE)
	

     1 n   ∑  t = 1  n      x t  −  y t    2     











	Mean absolute error (MAE)
	

    1 n   ∑  t = 1  n    x t  −  y t     











	Mean absolute percentage error (MAPE)
	

    1 n   ∑  t = 1  n       x t  −  y t    x t    · 100 %    











	Mean squared logarithmic error (MSLE)
	

    1 n   ∑  t = 1  n     log  (  x t  + 1 )  − log  (  y t  + 1 )    2    


















 





Table 9. Metrics for download traffic forecast evaluation.
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	Metric
	SARIMA Model
	Holt-Winters Model





	MSE
	0.0181
	0.00021



	RMSE
	0.0181
	0.0145



	MAE
	0.01513
	0.01217



	MAPE
	15%
	11.2%



	MSLE
	0.000258
	0.000163










 





Table 10. Metrics for upload traffic forecast evaluation.
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	Metric
	SARIMA Model
	Holt-Winters Model





	MSE
	0.00004
	0.00015



	RMSE
	0.006
	0.0123



	MAE
	0.0046
	0.0099



	MAPE
	4.17%
	9.9%



	MSLE
	0.00003
	0.000118
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