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Abstract: The goal of this study is to research a 

possibility of short- and long-term forecasting of the 

expected number of faults in broadband 

telecommunications networks using various prediction 

models. The experiment is conducted on actual live data 

collected from a telecommunications network in the period 

between 2009 and 2011 and the number of faults included 

in the analysis exceeds 1.5 million. Research focus has been 

placed on dynamic neural networks specialized for 

prediction in nonlinear systems, with autoregressive 

integrated moving average method included for 

comparison, since it previously demonstrated satisfactory 

results in fault prediction in broadband networks. To 

achieve the highest accuracy for each specific test case, 

variable parameters have been adjusted for every method. 

 

 

1. INTRODUCTION 

 

Even though broadband telecommunication networks 

have been introduced to mass market more than 10 years 

ago and the network quality has been constantly 

increasing, the occurrence of service faults are still a 

major concern of telecom operators. The parameter that 

best reflects the quality of a network in terms of fault 

occurrence is Mean Time Between Failure (MTBF), 

which is a constant focus of improvement for network 

operators. To analyze large amounts of data available 

from the network, powerful OSS (Operational Support 

Systems) and BSS (Business Support Systems) systems 

are being developed. Namely because of the service 

complexity, longer average service usage time and more 

instances of terminal equipment compared to the 

standard telephone network, and also a higher bandwidth 

demand on access network, the MTBF of broadband 

services is 2-6 times lower than the MTBF of 

narrowband services. On the other hand, the complexity 

of the network makes it difficult to accurately diagnose a 

problem which can result in higher number of repeated 

faults. Due to increase in quantity and complexity 

combined with the random component that the user is 

introducing by perceiving and reporting a fault, the 

occurrence of faults in a broadband network can be 

considered a time series. Time series describing the 

occurrence of broadband faults are characterized by a 

high number of events, randomness in their occurrence 

and complexity in determining the real cause of changes, 

which makes them time-series with a high level of 

process noise. When we also consider the imperfections 

of the monitoring systems, it is clear that the noise in 

time-series describing the occurrence of broadband 

faults occurs as a result of many unobserved variables, 

both within and outside the network, and also the errors 

during data collection. The imperfection of the 

monitoring system manifests itself in ambiguous 

interpretation of alarms, as well as the complete absence 

of alarms in specific cases. By measuring the noise level, 

we are trying to determine the variance and the 

complexity of the model. There are two relevant 

parameters describing time series: stationarity and 

linearity or non-linearity. Time series describing 

broadband faults are by their nature non-stationary, 

caused by a high level of daily fluctuations. When it 

comes to linearity, it should be noted that the variables 

in the system are both linear and non-linear, which 

means that certain causes of faults have non-linear effect 

on the number of reported faults. The linearity / non-

linearity of a time series determines which model will 

more efficiently predict the outcome of a time-series in 

future, ultimately determining the best model for the 

final implementation. Linear time-series can be 

described by auto-regressive models like ARMA or 

ARIMA, while non-linear time-series are more 

adequately described by neural networks attributed to 

their non-linear activation function. The purpose of this 

paper is to characterize the system by find the most 

appropriate model to describe it.  

The paper is organized as follows, Chapter 2 briefly 

describes the telecommunications network that the study 

is based on; Chapter 3 contains examples of short-term 

and long-term time series of broadband faults, as well as 

the main factors affecting the number of reported faults. 

The description of prediction models is given in Chapter 

4, with the results presented in Chapter 5, which also 

includes evaluation and comparison of results. Summary 

is given in chapter 6. 

 

2. DESCRIPTION OF THE 

TELECOMMUNICATIONS NETWORK UNDER 

ANLYSIS 

 

A brief description of the broadband 

telecommunications network is provided in figure 1, 

with numbers indicating main parts of the network: 1 - 

core network, 2 - access network and 3 - customer 

premises. It consists of active and passive elements, with 

most faults caused by: ADSL modem, customer’s 

equipment, IPTV set-top box, ADSL splitter, home 

installation, copper twisted pair, network termination 

point, main distribution frame, optical cable and ADSL 

DSLAM port. Main services provided by the network 



 

are: VoIP, Internet access and IPTV over ADSL 

technology. 

 

 

 
Figure 1. Broadband IP network 

 

A number of factors effects the occurrence of faults, 

such as life expectancy of equipment, network 

maintenance, electrical discharges, power supply 

defects, random effects caused by human activity, habits 

of customers and various unforeseen events. The most 

common manifestation of failures are: a complete 

interruption of a service, low downstream bandwidth, 

inability to access web sites, noise during VoIP phone 

calls, inability to establish a phone call, Tiling, Error 

Blocks, Jerkiness, Ringing, Aliasing Effects, Artifacts, 

Object Retention, Slice Losses, Blurring and Color 

Pixelation [22], [23], [24], [25], [26], [27], [28] i [29]. 
 

3. EXAMPLES OF BROADBAND FAULTS TIME 

SERIES 

 

In order to achieve temporal and dynamic tracking and 

predicting of faults occurrence, it is important to observe 

the faults quantity as a time series. It is considered a 

stochastic series since, unlike a deterministic series, 

future outcomes can only be estimated and not 

calculated precisely. Frequency of data collection 

depends on the nature and the logic of the time series, 

and consequently on the phenomenon being described. 

Other comparable domains most often utilize daily, 

weekly, monthly and annual series. When it comes to 

broadband faults, short term predictions are essential in 

operational management, while long term are a relevant 

during strategical and long-term planning. Also, a 

correctly selected frequency of data collection helps 

identifying the periodicity of the data. Broadband faults 

have two clearly recognizable periodicities, daily and 

weekly. They will be the basis for determining time 

delays in describing the series. Fault occurrence patterns 

are dynamic by nature, with temporal and seasonal 

variations. Daily sample reflects work activities of 

residential and business customers and later forms the 

weekly model (Monday - Saturday). In this paper 10-

minute, hourly, daily and weekly series are analyzed, 

which provide a sufficient choice for practical 

application. Figure 2 shows an example of series 

describing faults occurrence captured in 10-minute 

intervals through a period slightly over 24 hours. 

  

 
Figure 2. Daily variations in the number of broadband faults 

 

In regular circumstances, the series has a recognizable 

form, however, unexpected events such as core network 

element malfunction or thunderstorm can significantly 

affect the shape of the curve and distort, making it 

unrecognizable.  

 

4. DESCRIPTION OF PREDICTION MODELS 

 

Even though various methods are applied to predicting 

behavior of time series, analyzing the results of 

numerous studies done on real world examples, certain 

methods stand out by achieving more precise 

predictions. Most prominently, recursive neural 

networks (RNN) that are applicable to a wide range of 

problems. Simple RNN models were introduced in 

1980’s by several researchers, including Rumelhart, 

Hinton and Williams [1]. They are applied in electrical 

engineering field to describe network traffic in data 

networks, electrical load in electrical networks, electrical 

current generated from wind turbines and other. Other 

examples of neural network application are [11], where 

the author concludes that neural networks outperform 

ARIMA model, while authors in [12] conclude that the 

model based on neural network can precisely predict 

loadings 7 hours in advance based on data describing 

resembling days, similarly in [15] and [16]. Paper [13] 

compares the accuracy of electrical loading prediction of 

six different types of neural networks and achieves best 

results with Fuzzy Neural Networks (FNN). New 

learning methods are developed, in order to enhance the 

accuracy and the speed of learning [14]. In [17] authors 

combine neural networks with signal processing 

techniques for alarm correlation, while in [18] authors 

analyze the application of neural networks in 

telecommunication systems and point out their 

usefulness in predicting the traffic and fraud detection, 

similarly in [19]. The authors in [20] explore the how the 

introduction of multidimensionality to recursive neural 

networks affects the existing algorithms in terms of 

resistance to distortions of input patterns. 

AutoRegressive Integrated Moving Average (ARIMA) 

model has been applied to conduct two and three steps 



 

ahead prediction in computer networks, PlanetLab and 

Tycoon [9]. Paper [21] ARIMA model of time-series is 

used to predict time patterns of I/O requests, in order to 

increase efficiency and accelerate data retrieval of 

computer systems. A combined, ARIMA-GARCH, 

model is applied to prediction of wind intensity in 

intervals ranging from 15 minutes to 24 hours ahead. 

ARIMA model has also proven effective in predicting 

the price of electricity in the power networks in Spain 

and California, a day ahead. 

 

This paper compares the following models: 

 MLP - Multi Layer Perceptron 

 IDNN (FTDNN) – Input Delayed Neural net. 

 LRN - Elman network 

 NARX - Jordan network 

 ARIMA 

 

4.1 Multi Layer Perceptron (MLP) 

 

ANN (Artificial Neural Networks) are often used for 

all different kinds of time-series predictions, for their 

learning abilities, approximation and generalization 

(Zhang 2003). The simple topology of an ANN used for 

time-series prediction is MLP with time-delayed inputs. 

Parameters that are modified in order to improve the 

accuracy of the prediction are the number of hidden 

layers, the number of neurons in these layers, the choice 

of a transfer function, the choice of a training method, 

learning rate parameter, momentum parameter and 

training criteria. Certain recommendations exist 

concerning the choice of the parameters while the finer 

adjustments are achieved through trial and error. 

 

 

 
Figure 3. MLP 

 

 

Although quite simple (Figure 3), the configuration 

with time-delayed inputs of input sequences has wide-

spread application and is often used for prediction. The 

network is static, has no memory, it is used for complex 

static non-linear mapping and requires a designer with 

expert knowledge. 

 

4.2 Focused Time-Delay Neural Network (FTDNN)  

 

FTDNN is a dynamic network in which the dynamics 

appear at the input layer of the static multi-layered 

network [3]. As the dynamic behavior of the network is 

achieved through delay of the input variable vectors 

using Tapped Delayed Line (TDL), the network is also 

known as Input Delayed Neural Network (IDNN). 

Figure 4 shows the architecture of a two-layered IDNN 

network.  

 
Figure 4. FTDNN 

 

 

The difference from the MLP with time-delayed inputs 

is that the input signal of the activation function consists 

of the convolution sum of the input variable and the 

synaptic weights (vector), while the MLP has a scalar 

value.  

In addition to FTDNN, there is also a Distributed 

Time-Delay Neural Network (TDNN), which can have 

Time-Delay Lines (TDL) in other layers, unlike 

FTDNN, which can have it only in the input layer. The 

network has a strong ability to recognize frequency 

oscillations of a signal, and won’t be further studied in 

this study.  

 

 

4.3 Layer-Recurrent Network (LRN) 

 

The first basic architecture of a recursive neural 

network was presented by Elman (1989). He used back 

connection from a hidden layer as a component of the 

input layer, emphasizing the sequences of input values. 

Figure 5. shows the architecture of an Elman network. 

 

 
Figure 5. LRN 

 

Elman network is also known as a partial neural 

network or a simple recursive network. 

 

 

4.4 Nonlinear Autoregressive Network with 

Exogenous Inputs (NARX) 

 

The second basic architecture of a recursive neural 

network was presented by Jordan (1990). He used a back 

connection from the output layer as a component of the 

input, emphasizing the output values sequences. The 

idea was further improved in non-linear auto-regressive 

network with exogenous inputs (NARX, figure 6), where 

output data is preserved in a delayed memory line. 

Jordan network stores the output values in the state 

variables of the network itself, while in NARX networks 

they are acquired from the delay vector. 

 



 

   
Figure 6. NARX 

 

4.5 Autoregressive Integrated Moving Average 

(ARIMA) 

 

Autoregressive integrated moving average method was 

developed by Box and Jenkins, 1976. The method 

assumes linearity among variables, and consequently, 

performs worse in prediction of non-linear models. 

Prediction error grows progressively with the extension 

of forecasting horizon. ARIMA (p, d, q) is a generalized 

ARMA model, it introduces d, the integrating 

differencing parameter that enables description of non-

stationary series. 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, L is the lag 

operator. Model is given by expression 1. 

 

 

 (1) 

 

5. RESULTS COMPARISON 

 

Accuracy of prediction is estimated using RMSE (Root 

Mean Square Error) and Model Efficiency Index or 

Coefficient of determination (R
2
 parameter), calculated 

by comparing the actual and predicted data.  

Table 1 shows the results of the applied models in the 

hourly prediction of the faults series. 

NARX and LRN models achieve best results overall, 

while the results achieved by ARIMA model are 

unsatisfactory.  

 

NARX model is achieving best results in one step 

ahead prediction, but with increased number of steps, 

LRN is performing better and giving the best results. 

 
Table 1. Comparative Performance of Models (hourly steps) 

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2

1 18,631 0,8762 18,977 0,8716 16,314 0,9051 15,823 0,9107 25,919 0,7604

2 24,259 0,7908 23,33 0,8065 18,649 0,8764 20,288 0,8537 49,509 0,1286

3 27,824 0,7263 28,43 0,7142 19,848 0,8607 23,983 0,7966 66,229 -0,551

4 29,278 0,698 32,434 0,6294 21,614 0,8354 26,672 0,7494 79,145 -1,207

5 31,979 0,6452 36,731 0,5274 24,424 0,7911 29,227 0,7008 86,517 -1,622

6 33,409 0,618 38,512 0,4835 27,268 0,741 32,371 0,6351 89,04 -1,761

7 35,428 0,5592 40,935 0,4195 30,419 0,6794 34,929 0,5773 86,971 -1,62

8 39,487 0,5093 43,258 0,3543 33,499 0,6128 37,053 0,5263 81,154 -1,272

Mean 30,037 0,6779 32,826 0,6008 24,004 0,7877 27,543 0,7187 70,56 -0,893

Lead time

(hours)

MLP FTDNN LRN NARX ARIMA

 
 

 

Figure 7. shows a graphical comparison of methods 

based on a series of data describing a random seven-day 

sample. Sampling is done in one hour steps and the 

prediction is performed with a 3 day ahead lead-time. 

The solid line shows the actual data, while other labels 

mark the predicted data. 

Longer term prediction was done using seven day 

sampling step. This sacrifices the resolution in order to 

achieve the long term prediction. An example that 

reflects the behavior of the model is given in the Table 2, 

where the prediction models achieved results similar to 

the results achieved in the short-term prediction. 
 
Table 2. Comparative Performance of Models (weekly steps) 1903,3 2026,5

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2

1 1903,2 0,1908 1856,9 0,2297 1827,6 0,2539 1903,1 0,1909 2901 -0,88

2 1944,3 0,0914 2008,7 0,0302 1783 0,2359 1943,6 0,0921 2965,3 -1,113

3 1962,4 0,0698 2050,1 -0,015 1761 0,251 1961,5 0,0707 3052,4 -1,25

4 1968,3 0,065 2041,7 -0,006 1776,7 0,2382 1966,5 0,0667 3191,7 -1,459

5 1988,3 0,0418 2045,3 -0,014 1790,6 0,2229 1988 0,0421 3300,5 -1,64

6 2022,1 0,005 2116,2 -0,09 1767,6 0,2397 2020,6 0,0065 3368,1 -1,761

7 2025,1 0,002 2176,9 -0,153 1783,5 0,2258 2024,8 0,0022 3406,6 -1,824

8 2021,9 0,002 2253,3 -0,24 1838,5 0,1748 2021,7 0,0021 3479,6 -1,956

Mean 1979,4 0,0585 2068,6 -0,032 1791,1 0,2303 1978,7 0,0592 3208,2 -1,485

Lead time

(weeks)

MLP FTDNN LRN NARX ARIMA

 
 

 

 LRN model is once again showing the best prediction 

results, with NARX and MLP showing improvement, 

but still not achieving satisfactory results. LRN achieved 

best results in one step ahead prediction. LRN model 

evidently shows the best results during more steps ahead 

predictions, emerging as the overall best model. 

 

 
 

 
Slika 7. Comparative Three-Hour-Ahead Forecasts of number of faults for seven-day period 



 

 

 
Figure 8. LRN model – error distribution 

 

Figure 8 shows the efficiency of the best model related 

to the current number of faults. It is evident that the 

model is performing with similar accuracy regardless of 

the load. Figure 9 shows the efficiency of the NARX 

model, NARX error distribution. 

 

 
Figure 9. NARX model – error distribution 

 

6. CONCLUSIONS 

 

The objective of this paper was to compare different 

prediction methods for short- and long-term prediction 

of number of faults in a broadband network. The 

obtained results show that dynamic recurrent neural 

networks outperform static neural networks. Also, a 

traditional prediction method, ARIMA couldn’t achieve 

the accuracy of recurrent neural networks, which 

confirms the hypothesis about non-linear character of 

most fault causes in a telecommunications network. 

Further improvements can be achieved by applying 

dynamic memory models, like “NARX” and “LRN” 

models, with additional fine tuning of network 

parameters and, of course, the recognition and 

introduction of input parameters that would bring 

additional knowledge to the model. 
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