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Abstract  

The reliability of system networks is a vital component of every electricity distribution utility. Reliability indices 
such as System Average Interruption Duration Index (SAIDI), System Average Interruption Frequency Index 
(SAIFI), Distribution Supply Loss Index (DSLI), and Reticulation Supply Loss Index (RSLI) can be used as an 
indication of the utility’s Operation and Maintenance (O&M) efficiency. This also includes the ability to switch load 
in order to sustain supply, the response time taken in order to identify and locate the fault and, lastly, the 
restoration time to ensure that customer supply is timeously returned. The benefit of using these Key 
Performance Indicators (KPIs) allows utilities to identify which networks contain weaknesses by monitoring their 
performance and subsequent effects on customers or loads. Once these networks are identified, utilities are then 
able to implement performance improvement techniques in order to ensure that the network remains reliable. KPI 
performance monitoring allows the utility to set realistic targets against which they can be benchmarked and 
compared. The dynamic forecasting of these KPIs will allow the utilities to constantly monitor and track 
performance in order to predict whether targets will be achieved at the end of a financial year. By doing so, 
utilities are able to strategically schedule planned outages and thus minimise the impact on the overall KPI. 
Additionally, financial expenditure and strategic spares can be allocated more effectively if future performance 
can be accurately predicted. There are various trend analysis and forecasting methodologies that can be found in 
literature. These methodologies are based on time series forecasting which is applied to historical data and 
compared to the current values. This paper aims to apply and analyse different methodologies which can be used 
to predict the future values of KPIs. An error analysis will then be conducted from which these methodologies can 
be ranked in order to compare the accuracy of these models.  
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1. Introduction  

The reliability of system networks has become a large focus area in many of South Africa’s electrical supply 
utilities. Various indices, such as SAIDI, SAIFI, DSLI and RSLI, have been standardised and implemented both 
locally and internationally in order to allow the reliability to be measured [1]. These indices play an important role 
in indicating the health and performance of the network with regard to their impact on load or customers. The 
benefit of using these Key Performance Indicators (KPIs) allows utilities to identify which networks contain 
weaknesses by monitoring their performance and subsequent effect on customers or loads. Once these networks 
are identified, utilities are then able to implement performance improvement techniques to ensure that the 
network remains reliable. The need to forecast these KPIs arose in recent times to allow the utilities to constantly 
monitor their performance to determine if their financial year end objectives will be met. By forecasting these 
values, utilities are able to strategically schedule for planned outages and thus minimise the impact on the overall 
KPI. Additionally, financial expenditure and strategic spares can be allocated more effectively if future 
performance can be accurately predicted.  

The process of forecasting is often considered a difficult task which requires highly analytical skills, experience 
and background research [2]. Complex relationships may exist within the data which are not always intuitive thus; 
developing a forecasting equation is not simple. The use of various statistical tools and modelling principles has 
been developed and can be applied to obtain forecasted values. There are various trend analysis and forecasting 
methodologies that can be found in literature. These methodologies are based on time series forecasting which is 
applied to historical data and compared to the current values.  

This paper aims to apply and analyse different forecasting methodologies which can be used to predict the values 
of KPIs. These forecasting methods will be applied to historical data obtained from the Gauteng Operating Unit 
(GOU) within Eskom’s Distribution Division. The analysis will be limited to the SAIDI KPI. The results obtained 
from these methodologies will then be compared and evaluated in order to establish the level of accuracy and 
credibility. 

 

2. Distribution network reliability indices: SAIDI and SAIFI 

Electrical power reliability has become a vital focus area of many electrical utilities across the world. The reliability 
of networks is necessary to ensure that there is a continuous and reliable supply of power to various customers. 
Electricity is the driving component to ensure that industry can maintain operations and sustained production. If 
supply to industry is negatively affected, severe economic consequences will result, not only to the industry, but to 
that of the country.  There are many internal and external factors that may affect the network and may case 
interruption of supply to customers. Figure 1 shows examples of unplanned external factors that may cause 
interruption of supply.  

 

Figure 1 Examples of external factors causing interruption of supply 

Additionally, there may be internal factors which contribute to the loss of supply of power to the network. These 
internal factors are considered to be influenced by the utilities’ own operating and maintenance philosophies. 
Internal factors that may affect the probability of network interruptions include: 

 Age of infrastructure  

 Design of the network 
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 Loading of the network 

 Quality of equipment 

 Maintenance strategy 

Electrical utilities endeavour to reduce the impact of faults as far as possible to ensure a more reliable network, 
which will lead to a reduced number of sustained interruptions (faults) to the customer. Figure 2 shows various 
key initiatives that may be adopted in order to improve the network’s performance. 

 
Figure 2. Methods to improve network performance [3] 

 
A major customer based index that is commonly used internationally for measuring reliability is the System 
Average Interruption Duration Index (SAIDI). This indicates the average duration of a sustained interruption per 
annum and can be expressed as follows: 
 

SAIDI =
∑ Customers affected X Duration of interruption

Customer base
 

 
Additionally, the System Average Interruption Frequency Index (SAIFI) indicates the average frequency of a 
sustained interruption per annum and can be expressed as follows: 
 

SAIFI =
∑ Customers affected X Frequecy of interruption 

Customer base
 

 
Eskom’s financial year runs from April to March each year for which the KPIs are reported. In the Gauteng 
Operating Unit, the SAIDI and SAIFI KPIs for the 2016/2017 financial year are shown in Figure 3. 
 

 

Figure 3. GOU SAIDI and SAIFI KPIs for March 2016- April 2017 

The SAIDI and SAFI indices observed indicate the actual monthly contributions to the yearly values for both 
planned and unplanned events.  
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3. The Forecasting Process 

In order to conduct accurate and reliable forecasting, it is necessary to follow an adopted strategy and 
methodology to ensure uniformity when comparing various forecasting techniques. Additionally, it is important that 
the risks associated with the process and method, are identified and mitigated as far as possible. 

3.1 The Forecasting Process 

The forecasting process as described in [4] consists of various activities that are interconnected as shown in 
Figure 4 below, which was applied to the development of this paper. 

 

 

Figure 4. The forecasting process [4] 

3.2 Risk of Forecasting 
 
There are many risks associated with forecasting and it is important that these risks are mitigated as far as 
possible in order to obtain the most accurate results. The three most common risks are outlined below [2]. 

 
3.2.1 Intrinsic Risk 

Intrinsic risk is considered as the random variation in data and often referred to as “noise” and can be measured 
using the standard error of the model. By using refined prediction models, the effects of the noise component on 
the predicted values can be reduced. 

 
3.2.2 Parameter Risk 

Parameter risk is the due to errors in estimating the parameters (in this case SAIDI) of the forecasting model. The 
parameter risks are considered as the standard deviation of the coefficient estimates in the forecasting model. 
This risk, however, can be reduced by employing a larger sample of data. It should be noted, however, that in the 
prediction of time series data, additional historic data is not always feasible since historic data may no longer be 
reflective of current conditions.  

3.2.3 Model Risk 
Model risk is the risk associated with the choice of forecasting model on a particular data set. This can be 
mitigated by following good statistical practices for exploring data, understanding the models and testing the 
models for accuracy. 
 

4. Time Series Forecasting Overview  

Time series forecasting is the use of a statistical model to predict future values based on past results [5]. The 
collection of data requires that it can be tracked and collected over time and thus can be represented by a 
continuous and sequential function over a particular time interval. In particular, the function is required to have 
certain characteristics such as equal spacing between two consecutive measurements and that each time unit 
has only one data point [5]. A time series plot of the total (planned and unplanned) monthly actuals for GOU 
SAIDI over the past 5 years is shown in Figure 5.  
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Figure 5. GOU SAIDI Actuals for April 2012- March 2017 (5 years) 

For the purposes of this paper, the last financial year 2016/7 values will be used as a base to which forecasted 
values can be validated in order analyse their accuracy.  

When analysing time series plots it is important to identify certain patterns and characteristics associated with the 
data plots as part of the forecast process described in section 3.1. Additionally, it is important to identify any 
outliers and establish possible causes for such. These characteristics can be described as follows: 

4.1 Trend 

In time series analysis, a trend is a gradual shift or movement to higher or lower values over a long period of time 
[5]. When the general trend of the values indicates higher “highs”, the trend can be considered an upward trend. 
On the contrary, when the trend of values indicates lower “lows” the trend is considered a downward trend. Time 
series data which follows a horizontal movement are considered to have a horizontal trend [5]. An example of 
these trends is shown in Figure 6. 

 

 

Figure 6. Examples of trends 

4.2 Seasonality 

A seasonal plot is one which demonstrates a time series which is influenced by seasons or time within a defined 
period e.g. a year. The seasonality plot of SAIDI actuals per month for the past 5 years is shown in Figure 7 
below. 
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Figure 7. Seasonality plot of GOU SAIDI actuals past 5 years 

In the above seasonality plot, it is noted that for each year, there seems to be an increase in SAIDI in the month 
of June. One of the reasons cited for the increase is due to an increase in the number of faults during the winter 
months, when supply demand increases and/or networks become overloaded. Additionally, it is noted that in 
September there is a general decrease in SAIDI actual (except for 2012/2013). Further investigation into the 
contributory factors shows that the reason for this the outlier noted in September 2012/2013 was due to major 
work done at a substation and a major failure of a transformer which affected a large number of customers. 
November months show a repeated increase in values and can be attributed to extreme weather during the 
summer months and maintenance work. 
 

5. Forecasting methods  

Using the forecasting process, analysis of various forecasting methods were applied and analysed, these are 
outlined below. 

5.1 The Average Method 

The monthly average method assumes that the best predictor of future values will be the average of all values 
that exist to date. Variations of this method are shown below.  

5.1.1 The fixed average method 
 

The fixed average method assumes that future values can be predicted based on the average of all the historic 
values. Thus, in order to predict the values for the 2016-2017 financial year, an average of the past values from 
April 2012 to March 2016 was calculated to be 2.53 and used to predict the future values for the 2016/7 financial 
year. The results are shown in Figure 8 below. 

 

 

Figure 8. GOU SAIDI values using the fixed average method 
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5.1.2 The monthly average method 

The average method employs data from a three year history and averages the values for each month. For the 
case of this study the average data for the period April 2013-April 2016 was calculated and the average for each 
month obtained. These values were then used to predict the values for the 2016-2017 financial year. The results 
are shown in Figure 9. 

 

Figure 9. GOU SAIDI values using the 3 year average method 

Based on the results, it can be seen that the prediction follows the same trend as the actual results. However, 
from April to September the prediction is overstated, whilst from September to December, the prediction is 
understated. This indicates that the GOU had an improved performance for the first half of the financial year 
compared to that of the average. The improvement is expected as Figure 5 shows that June 2014 was an 
exceptionally high month for the KPI, thus increasing the average value for June’s predicted value.  

5.1.3 The 12 month moving average method 

The moving average method is one of the most commonly used time series forecasting techniques and is 
particularly useful if several consecutive periods of data are readily available. For this method, the value being 
predicted is calculated by employing the average value of the previous 12 months data. The average method 
technique is often considered a “smoothing technique” because the effects of any significant outliers are reduced 
and of which may contribute to increased error in the forecast. Figure 10 shows the forecasted values for GOU 
SAIDI using the average moving method for a period of 12 months. 

 

Figure 10. GOU SAIDI values using the 12 month moving average method 

As shown, it can be seen that the moving average values are “smoothed” out and that the significant outliers have 
reduced impact. 
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5.2 The Exponential Smoothing Method 

The exponential smoothing methods forecasts future values by applying a weighted function to past values. 
These weighted values are calculated by using a smoothing parameter (α) that decreases exponentially as the 
data values become older [4], [6]. The smoothing parameter can be set to any value between 0 and 1, with higher 
values giving the more recent observation more weight or influence of the forecast. In contrast, smaller values of 
α allow for a more balanced weighting between recent and older observations which can be attributed to the 
exponential function. The forecast of GOU SAIDI values using the exponential smoothing method with α= 0.99 is 
shown in Figure 11 below. 

 

Figure 11. GOU SAIDI values using the exponential smoothing method 

As shown in Figure 11, the results of the forecasted values follow a similar trend to that of the actual values for 
2016-2017. The actuals have a one month lag with respect to the predicted values, meaning that the previous 
month’s actual is used to predict next month’s forecasted value.   

5.3 The ARIMA Method 
 
The Auto Regressive Integrated Moving Average (ARIMA) forecasting method incorporates a three part 
approach. These attributes can be described as follows [4], [5], [7]: 
 
Autoregressive (AR): The autoregressive component is used to identify the influences of the values of the 
previous periods on the current period. This is achieved through a regression model with a time lagged period of 
values.   

Integrated (I): The integrated component is used to extract trends from the original data series by making use 

of a differencing technique. The original series of data is subtracted from it time lagged series with a distinct order 
of differencing. This is done to ensure that the data remains stationary and does not display any trend.  

Moving average (MA): The moving average component is used to extract the previous periods error terms from 

the current periods error [7].  

A seasonal ARIMA model, is denoted by ARIMA(p,d,q)(P,D,Q)x, where D, P, and Q are, respectively, the number 
of seasonal differences, seasonal autoregressive terms (lags of the differenced series at multiples of the seasonal 
period), and seasonal moving average terms (lags of the forecast errors at multiples of the seasonal period) [8].  

The ARIMA model was applied to the GOU SAIDI actuals for April 2012 to March 2016 period, using Xlstat add-in 
software in Microsoft Excel. The validation period from April 2016 to March 2017 was used to as the predicted 
values and then compared with the actual values. An ARIMA(1,0,1)(0,1,1)12 model is shown in Figure 12. 
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Figure 12. GOU SAIDI values using the ARIMA method 

As shown in Figure 12, the forecasted values show a similar trend to the actual values for each month. In June, 
August and February, the predicted values far exceed the actual values, while October, November, and 
December values the contrary is seen. This indicated that over and under estimation exists within the 12 month 
period. 

 
6. Summary of Results  

 
Based on the aforementioned forecasting methodologies, the values for the forecasted values are summarised in 
Table 1 below. The forecasted values from each method can be compared with the actual values for April 2016- 

March 2017.  

Table 1. Summary of predicted values based on various forecasting methods 

Month 
Actual 

values 2016-
2017 

Fixed 
Average 
Method 

Forecast 
Values 

3 Year 
Average  
Forecast 
Values 

12 Month 
Moving  
Average 
Forecast 
Values 

Exponential 
Smoothing 

Method 
Forecast 
Values 

ARIMA 
Method 

Forecast 
Values 

Apr-16 1.57 2.53 2.10 2.44 1.96 2.03 

May-16 2.15 2.53 1.96 2.43 1.57 1.97 

Jun-16 2.78 2.53 3.74 2.46 2.14 3.70 

Jul-16 2.92 2.53 3.45 2.41 2.77 3.02 

Aug-16 1.78 2.53 2.60 2.38 2.92 2.51 

Sep-16 1.88 2.53 1.90 2.34 1.79 2.22 

Oct-16 2.62 2.53 2.44 2.33 1.88 2.37 

Nov-16 3.25 2.53 2.86 2.39 2.61 2.74 

Dec-16 2.81 2.53 2.21 2.45 3.24 2.13 

Jan-17 1.78 2.53 2.38 2.44 2.82 2.30 

Feb-17 1.39 2.53 2.49 2.37 1.79 2.30 

Mar-17 1.87 2.53 1.98 2.24 1.40 1.96 

 

6.1 Quality of Historical Data 

The accuracy of the forecast is not only affected by the methodology used, it is also dependent on the accuracy of 
the input data. Thus, it is important that the quality of data is established beforehand and a high standard is 
maintained. For the purposes of this paper, the following factors affecting the quality of the data are highlighted 
below:  

 Accuracy of the tracing of events 

 Changes in business rules 

 Changes in customer base 
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 Refurbishment projects 

 Network upgrades 

 Customer loading  

 Extreme weather 

 Illegal connections 
 

6.2 Error Analysis 

In order to evaluate the forecasted results obtained from each of the forecasting technique, an error analysis was 
performed. Four error analysis statistics were applied and included the following [4] [6]: Mean error (ME), Mean 
Absolute Error (MAE), Mean Squared Error (MSE) and Root mean squared error (RMSE). The results of this 

analysis are shown in Table 2 below. 

Table 2. Error analysis of various forecasting techniques 

Error Method 

Fixed 
Average 
Method 

Forecast 
Values 

3 Year 
Average  
Forecast 
Values 

12 Month 
Moving  
Average 
Forecast 
Values 

Exponential 
Smoothing 

Method 
Forecast 
Values 

ARIMA 
Method 

Forecast 
Values 

ME -0.30 -0.28 -0.15 -0.01 -0.20 

MAE 0.58 0.50 0.55 0.56 0.47 

MSE 0.43 0.36 0.35 0.40 0.30 

RMSE 0.66 0.60 0.60 0.63 0.55 

 

Based on Table 2 it can be seen that the exponential smoothing method is the most accurate based on the ME 
method. According to the MAE method, all five forecast methods performed relatively on par with each other. 
When analysing the MSE values, it can be seen that the ARIMA forecasting method contains the least errors. 
Furthermore, the RMSE error indicates that the ARIMA method is the most accurate and outperforms the other 
forecasting methods and thus can be considered the most accurate model in this study.   

7. Conclusion 

Network reliability plays a vital role in ensuring that a utilities’ electrical supply to a customer is continuous and of 
adequate quality and reliability. In order to quantify and measure this reliability, two main customer KPIs (e.g. 
SAIDI, SAIFI) are used. However, the need to accurately predict the future values of these KPIs is of importance 
as it allows utilities to manage their operation and maintenance strategies. 

This paper showed how various time series forecasting models can be applied to a data set, with the ARIMA 
model indicating a predicted value within 5% of the actual value at the end of the financial year. Based on the 
forecasted results, an error analysis was conducted and showed that the ARIMA method was the most accurate 
in its prediction as it produced the lowest error according to the RMSE method.  

Future work on this study will be to apply this technique on other KPIs e.g. SAIFI, DSLI and RSLI and monitor its 
accuracy. Improvements to the model need to be identified and applied in order to reduce the error associated 
with the model. Application of the model based on data with excluded outliers will also be analysed to identify to 
what extent these outliers impact the model. Additionally, a repeatability study will be done to establish the 
integrity of the ARIMA model when the model is applied.  
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