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Abstract – In this paper we analyze different traditional 

forecasting methods for prediction of the expected number 

of faults in broadband telecommunication networks. The 

dataset consists of over 1 million measured values, collected 

in recent years. A lot of factors, both in the network and 

outside the network, contribute to the formation of faults. 

Therefore, the faults occurring can be considered as a 

nonlinear time series. A comparison of autoregressive 

models and conditional heteroscedastic models is presented 

for short-term and long-term prediction of appearance of 

faults. Assessment of the accuracy of tested models is made 

by comparing the results obtained by modeling and the 

actual data.  We are trying to find the best candidates for 

the analysis and forecasting of faults occurring. 

 

I. INTRODUCTION  

 

Accurate forecasting of the number of faults in a 

telecommunication network is getting increasingly 

important to service providers. It allows them to 

anticipate future operating expenses, enabling more 

confident strategic decisions and increased business 

efficiency. The forecasted data can be used as the basis 

for decisions concerning network maintenance, 

investments and resource allocation. Additionally, it can 

be applied to identify the key areas in business operation 

that operators can influence proactively. Proactive 

actions can then be specifically directed to areas 

recognized as the most common generators of network 

faults. This will reduce the number of reported faults, 

further reducing the operating expenses. Good planning 

also makes managing necessary supplies, spare parts and 

tools easier, as well as identifying the most appropriate 

technologies for the task. However, the most important 

outcome is the increased service quality delivered to the 

customers, which is also the main driver of this research.  

Each forecasting method has distinctive characteristics 

and it can’t be considered one hundred percent accurate. 

In order to increase the accuracy of the prediction, an 

adequate method has to be selected. The occurrence of 

faults in a telecommunication network is a stochastic 

process. This is particularly evident by analyzing more 

recent services, such as high-rate data transmission and 

IPTV video services, which are getting close to utilizing 

the full potential of current telecommunication access 

networks. Even though operators do their best to 

maintain and protect the network, due to its large scale it 

is exposed to multiple internal and external influences. 

Not only does this make the occurrence of faults 

inevitable, the rate they occur in is higher than in any 

other industry. In this paper we are aiming to identify 

best methods for short-term and long-term prediction of 

faults quantity. The field of science that has contributed 

the most to improving the forecasting methods is 

econometrics, which, among other tools, applies 

methods for analysis of time series. Since time series in 

econometrics are very similar to the time series 

describing the behavior of faults in telecommunication 

networks, we will apply the same prediction methods 

used in econometrics, e.g.  methods based on conditional 

heteroskedasticity. Additionally, we will consider 

autoregressive and moving average methods.  

Apart from the already mentioned traditional methods 

there are methods based on artificial intelligence, e.g. 

recursive neural networks, time delay neural networks, 

fuzzy neural networks, Bayesian networks and self-

organizing neural networks, empirical and expertise 

based methods, but they are not in the scope of the 

study.  

The aim of this research is to apply the traditional 

methods to short and long term fault prediction in order 

to evaluate them and to provide recommendations 

concerning their applicability in telecommunications.  

The first chapter provides general motivation and 

overview, the second describes the telecommunication 

network under analysis. while the applied methods are 

briefly described in chapter three. The fourth chapter 

describes the implementation, with results evaluated in 

chapter five, followed by the conclusion. 

 

II. DESCRIPTION OF THE 

TELECOMMUNICATIONS NETWORK UNDER 

ANALYSIS  

 

The basic picture of broadband telecommunications 

network is shown in the Fig. 1.  

Broadband network is comprised of 3 main 

components: IP / MPLS core (number 1 in figure) is 

located at the center of a broadband network based on 

Multiprotocol Label Switching-in or technology for 



 

overlapping labels, this part also includes head-ends to 

provide services to users, such as internet access, access 

to video services, VOIP telephony service, and so on. 

Another important part of the network is access part 

(number 2 in figure), the DSLAM architecture is used as 

link to the Ethernet aggregation. The third part of the 

network includes customer premises equipment (CPE), 

that part of the network is spatially the most abundant. 

 

 

 
 
Figure 1. IP telecommunication network  

 

All of three parts of the network include a variety of 

network elements and all these elements are possible 

location of failures. By analyzing locations and reasons 

of user faults in a longer period of time we came to 

concrete data which are presented in the following 

tables, Table I. and Table II.  

 

 
TABLE I. 

FAULT DISTRIBUTION - LOCATIONS 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE II. 

FAULT DISTRIBUTION – FAULT CAUSES 

 

 
 

Tables I and II show distribution of equipment faults 

and fault reasons in the data set under consideration. 

This can be used to determine the risk of fault for 

network locations and assess which network elements 

are more or less prone to faults. However, in order to 

conduct the forecasting, it is necessary to consider the 

number of faults as a time series. 

Distribution of fault occurrence, as an example for a 

24-hour period, is shown in Figure. 2. 

 

 
Figure 2. Daily fault distribution 

 

The time distribution will be presented in a more 

detailed time scale, with smaller intervals, for short term 

forecasting, while the long term forecasting will be 

presented in a larger, coarser scale. With this in mind, 

following charts illustrate the nature of time series 

presenting the number of faults in varying intervals. In 

telecommunications, 10-minute, 1 hour and 1 day 

periods are considered short-term (Figure 3., Figure 4. 

and Figure 5.). 

 

 
 

Figure 3. Number of faults in ten minute intervals 

Fault location Fault equipment Frequency Total

ADSL modem 14,36%

Customer equipment 34,55%

Set top box 6,16%

ADSL splitter 3,43%

Customer house instalation 12,36%

Cooper twisted pair 3,22%

Network termination point 6,53%

Main distribution frame 4,24%

Optical cable 2,82%
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DSLAM 3,28%

Internet service provider 0,76%
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IPTV content centar 0,93%
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Figure 4. Number of faults in hourly intervals, 
Figure 5. Number of faults in daily intervals 

 

 

It is evident that hourly and daily intervals reveal a 

certain periodicity in data. This seasonality is the result 

of daily routines that characterize the usage of services, 

with the notable drop happening during the night. In the 

weekly graph a similar reduction can be notices during 

Sundays, when the decreased usage translates into a drop 

in the number of faults. In series with weekly and 

monthly intervals (Figure 6. and Figure 7.) the 

seasonality isn’t as notable since the cumulative number 

of faults in a week or in a month is more under the 

influence of random factors, such as bad weather or 

unexpected breakdowns in the core network.   

 

 

 
 
Figure 6. Number of faults in weekly intervals, 

Figure 7. Number of faults in monthly intervals 

 

Therefore, we will apply the forecasting models that 

take seasonality into account, which is a characteristic of 

autoregressive models. It is clear that the series with no 

evident seasonality, such as the series with weekly and 

monthly intervals, will require less regressive 

parameters, while the series with more seasonality will 

require more parameters. This will be discussed in more 

detail in the following chapters.  

III. DESCRIPTION OF THE USED METHODS  

 

A. Similar Works 

Conventional forecasting methods are used in the 

industry to predict the behavior of large systems and 

assist in long-term planning. An example can be find in 

research [1] where the author applies GARCH model to 

predict day-ahead electricity prices, in order to develop 

bidding strategies or negotiation skills for long-term 

contracts. In paper [3], four different methods were used 

to forecast the traffic, linear, exponential regression, 

ARMA and DHR (Dynamic Harmonic Regression). In a 

long-term forecast of the HTTP time series the ARMA 

outperformed the DHR. Forecasts of energy 

consumption is often an area of using ARMA models, in 

[4] the performance of the proposed ARMA method has 

been validated on data provided by Taipower Company 

for one-week ahead and one-day ahead load forecasting. 

There are also combined models [6], so in [5] ARIMA–

GARCH model was used for generate forecasts for wind 

power from 15 minutes to 24 hours ahead. The wind 

farms are located on 64 locations in Ireland. Traditional 

weather forecasts can be used for electricity demand 

forecasting for lead times from one to 10 days ahead [7], 

using GARCH model. The predictive power of 

ARIMA(1,1,0) model was used for two and three-step-

ahead forecasts of  demand in two shared computational 

networks, PlanetLab and Tycoon [8]. In the paper [14] 

authors evaluated the performance of the histogram, 

moving-window kernel, NN, Gaussian process strategies 

and traditional forecasting ARMA technique on two real 

world data sets, ARMA method has shown excellent 

results. Model ARMA(1,6) had been analyzed in [15] for 

properties of the deseasonalized loads from the 

California power market, and authors recommends that 

method could be used to forecast loads in a power 

market.  

 

Three methods selected for further analysis are: 

ARMA (Autoregressive Moving Average), ARIMA 

(Autoregressive Integrated Moving Average) and 

GARCH (General Autoregressive Conditional 

Heteroscedastic). 

 

 

B. ARMA  

ARMA(p, q) (Autoregressive Moving Average) is a 

well known method used for forecasting time series, 

consisting out of an autoregressive component AR and a 

moving average component MA. It is defined in 

Expression 1, in which X is the forecasted value, φ and θ 

are the regression parameters for the calculated model, p 

and q determine the number of regression terms that are 

taken into account and ε characterizes error.  

 

 

(1) 

 

Alternatively, model can be defined by notation 2, 

where L is the lag operator.  

 

 

(2) 

 

 

C. ARIMA 

ARIMA(p,d,q) (Autoregressive Integrated Moving 

Average) is a generalized ARMA model, it introduces d, 

the integrating differencing parameter that enables 

description of non-stationary series. Model is given by 

expression 3. 

 

 

(3) 

 

 



 

D. GARCH 

GARCH(p,q) forecasting model is a generalized form 

of EWMA model (Exponentially Weighted Moving 

Average), and has proven to be a very successful method 

in practice. It is defined by the value and volatility of the 

previous step in the series. It is suitable for handling 

large data sets. The best known is GARCH(1,1) model, 

that has also been applied in this research. GARCH is 

based on a static strategy, which makes it favorable in 

estimation of volatility. The goal of GARCH model is to 

regulate autoregressive and to generalize conditional 

heteroskedasticity. GARCH model is given by [9]  

expressions 4, 5 and 6, where α and β are regression 

coefficients, r is the forecasted value, σ is the variance, ε 

is the error or white noise [0,1], p and q are positive 

integers: 

 

 (4) 

  

 

(5) 

  

 (6) 

 

A very important issue in ensuring the accuracy of 

prediction is to provide a powerful criterion for 

estimation of the model structure.  The most important 

step is to choose the optimal collection of the regressor 

variables.  In order to do so AIC (Akaike information 

criterion) and BIC (Bayesian information criterion) can 

be used, as well as  extended autocorrelation function 

(EACF) proposed by Tsay and Tiao (1984). The 

methods have been further improved in the paper [16]. 

However, when determining the coefficients it is 

important to conduct the final verification on the actual  

model. 

 

IV. FORECASTING RESULTS AND METHOD 

EVALUATION  

 

The prediction results of the aforementioned methods 

are given below. As the criterion for results evaluation 

we have used Cumulative Mean Square Error. The 

results are presented in diagrams that visually describe 

the relationship between the actual and predicted values, 

with the last diagram showing the cumulative error. 

 

 

A. 10 minute ahead prediction 

 

10-minute and 1-hour ahead predictions are important 

for service providers to enable better resource and 

priority management in the field of Service and Network 

Management. Results for the 10-minute ahead prediction 

are presented in figures 8 and 9. 

 

 

 

 
Figure 8.  10minute interval forecasting 
 

 
Figure 9.  C-MSE – 10minutely interval     
 

 

B. 1 hour ahead prediction 

 

Figures 10 and 11 show the results for 1-hour ahead 

prediction. 

 

 

 
Figure 10.  Hourly interval prediction  

 



 

 
Figure 11.  C-MSE – hourly interval 

 

 

 

C. 1 day ahead prediction 

 

Figures 12 and 13 show the results for 1-day ahead 

prediction. The best results have been achieved using 

ARIMA(25,1,2) model. 

 

 

 
Figure 12.  Daily interval prediction 

 

 

 
Figure 13.  C-MSE – daily interval 

 

 

 

D. 1 week ahead prediction 

 

Figures 14 and 15 show the results for 1-week ahead 

prediction. Models ARIMA(3,1,1) and ARMA(1,1) have 

given the best results with ARIMA(3,1,1) ultimately 

achieving the best MSE. 

 

 

 
Figure 14.  Weekly interval prediction 

 

 
Figure 15.  C-MSE – weekly interval 

 

 

E. 1 month ahead prediction 

 

 

 
Figure 16.  Monthly interval prediction 

 



 

Since this is a non-seasonal model, the optimal number 

of regression parameters is reduced, comparable to 1-

week forecasting. The results for 1-month ahead 

forecasting are presented in figures 16 and 17. The best 

results have been achieved using ARIMA(3,1,1).. 

 

 

 
Figure 17.  C-MSE – monthly interval 

 

 

To achieve long term prediction, such as 2 months or 

more ahead, there are various approaches that can be 

used. The first is calculating 2 or more steps ahead using 

the methods conducted in this research. Another option 

is to use 1-year ahead step, which wasn’t possible in this 

paper since the service under consideration  is a  

relatively new one. The other options for long term 

prediction include trend models and expert estimates 

using Delphi method.  

 

V. SIMULATION RESULTS AND PERFORMANCE 

EVALUATION  

 

Comparison of calculated results for all models was 

made on the basis of comparing the data obtained by the 

prediction and actual data. The scale of accuracy of 

prediction is expressed by using mean square error 

(MSE). Cumulative Mean square error (over the time) is 

shown in Table III. 

 
TABLE III. 

Cumulative Mean Square Error 

 

 
 

It is evident that ARIMA showed predominance in all 

categories with ARMA being the second most successful 

method. GARCH did not show satisfactory results in this 

case.  

VI. CONCLUSION 

 

Comparing these three models for prediction, we can 

come to the conclusion that the best results were 

achieved by ARIMA model family. That can be 

attributed to better adaptation to prediction of non-

stationary series. GARCH, being a model designed to 

predict series with changing variance, could not achieve 

comparable results in the first place because of the 

advantages of ARMA and ARIMA models in processing 

the seasonal series and calculation of regularity in the 

stochastic series. The final conclusion is that the 

ARIMA models show the greatest potential in 

forecasting time series that describe the occurrence of 

faults in broadband telecommunications networks.  

The achieved accuracy can be further improved by 

expanding the model with additional data sources, 

collected from the network and external information, 

that can be incorporated in probabilistic chains of 

dynamic Bayesian network. This can be the topic for a 

future research. 
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