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Abstract — Voltage sags are sudden and temporary reductions of 

the voltage below a specified threshold defined by the supplied 

voltage. Sags are typically originated due to unpredictable causes 

and the frequency of the events varies greatly in time and location, 

and with the type of supply system and observation point. Voltage 

sag characterization and prediction are important aspects to 

network planning and equipment design, which implies the 

analysis of protection systems performance and faults. This paper 

proposes a stochastic characterization, whose results suggest that 

the occurrence of voltage sags describes a Poisson process. The 

probabilistic approach is based in monitored data from the 

Portuguese Transmission Network and is originated from a wide 

range of scattered monitored sites, which provides the sags 

characteristics, and from a sufficiently long period to show the 

frequency variation of sags through the year and between different 

years. The analysis has attention to the limitations of the stochastic 

characterization as regards the polyphase disturbances or 

dependence between sags that occur in a short period of time, and 

it is considered the aggregation of events as described by the 

standards. Concluded that the Poisson process can be used to 

predict the occurrence of voltage sags, the model is applied to the 

transmission network as form of the probabilistic parameters that 

describe the Poisson process for each one of the monitored sites. 

 

 

Index Terms — Voltage sags, Stochastic characterization, Poisson 

process, Time between sags. 

 

 

I. INTRODUCTION 

OLTAGE sags events are an unpredictable and largely 

random phenomenon, both in time and place [1]. Sags are 

typically originated by faults occurring in the electric 

network and cannot be completely eliminated from the system, 

nor the equipment made entirely immune to all the events [2]. 

Several types of equipment depend on a practically continuous 

supply of energy and even a small change in the voltage 

characteristics can interfere with the performance, resulting in 

financial losses.  

Due to their impact on equipment performance and in the 

quality of electricity supply, several works have been made 

concerning the prediction of voltage sags. The study of voltage 

sags requires the analysis of power system faults and protection 

systems performance, and even the economic evaluation of 

 
 

consequences. Those studies have two approaches: 

deterministic and probabilistic. 

The firsts developments on voltage sags prediction used the 

deterministic approach, as in [3], which presents an overview 

of the phenomena and proposes the method of Fault Position. 

Typical values of fault clearance time and fault rates in lines 

and busses are used to predict the voltage characteristics. The 

subsequent works resorted on the method of Fault Position to 

characterize voltage sags events, as in [4], for example, to get 

exposed areas and sag frequencies for each bus. 

In [5] is proposed a stochastic method to predict voltage sags 

by Monte Carlo simulations, that allows a faster inference of 

the measure of occurrences, whereas the short circuits 

occurrences were deterministically predicted. Site 

characterization by Fault Position and Monte Carlo simulation 

was compared in [6], whose results have concluded that the 

Monte Carlo method provides a better description of the 

expected sag performance. 

Recently, A. dos Santos proposed in [2] a model capable to 

quantify the number of expected sags that cause equipment 

outage. The work contributes with a stochastic model of power 

system faults characteristics based on network data and a 

method to evaluate the protection systems reliability and 

availability. 

Those studies encompass several methodologies to predict 

the voltage sag characteristics. As for the occurrence of 

sags, [7] discussed the use of Poisson process as a statistical 

model of the occurrences and concludes that the number of sags 

does not describes a Poisson distribution. However, the results 

were accomplished by analysing the expected average value of 

events per year and does not considered the aggregation of 

dependent events. It is proposed a study considering those 

aspects which, until now, was not accomplished. 

The present paper discusses the stochastic characterization of 

voltage sags occurrences by a Poisson process that allows the 

use of this stochastic process in sag prediction studies. The 

achieved results are based on the monitored sags of the 

Portuguese Transmission Network over a period of 5 years. 

Contrary to the work developed in [7], in this paper it is 

considered the processing of the dependence between events 

that occur in clusters and polyphase disturbances to enable the 

modelling of sag occurrences as a Poisson process.  
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II. DESCRIPTION OF VOLTAGE SAGS 

A. Definition and characteristics 

The EN 50160 standard [1] categorizes voltage sags as 

voltage events, that are sudden disturbances which causes a 

significant deviation from the desired voltage wave shape 

characteristics. Voltage sags are characterized by a sudden 

reduction of the voltage magnitude below a defined threshold 

during a short period of time. The standards describe sags as a 

two-dimensional electromagnetic disturbance, determined by: 

 

• A single voltage magnitude, typically a residual 

voltage expressed in percentage terms of a reference. 

The reference voltage can be defined by the r.m.s. 

value of the nominal or declared voltage of the supply 

system. 

• A duration value. 

 

The Portuguese Regulation for the Quality of Service RQS 

[8] stablishes the start threshold value as 90% and the end 

threshold when the voltage recovers higher than 92% of a 

reference voltage, due to hysteresis. The minimum and 

maximum durations are, respectively, 10 ms and 60 s. If the 

voltage goes beneath 5% of the reference value the disturbance 

is classified as an interruption.  

 

B. Polyphase aggregation 

For the evaluation of voltage sags it is necessary to stablish 

an equivalent event for polyphase disturbances. The polyphase 

aggregation consists in defining a single duration and residual 

voltage for the event [1].  

The residual voltage consists in the minimum value of r.m.s. 

voltage recorded in the three phases during the sag. The single 

duration is the overall duration of the disturbance, i.e., the 

interval of time between one of the phases reaches the start 

threshold until all the line voltages are again over the end 

threshold. 

 

C. Time aggregation 

Time aggregation consists on defining an equivalent event in 

the case of multiple successive sags [1]. Voltage sags often 

appear in clusters due to adverse weather conditions such as 

lightning that causes successive faults and several reclosure 

attempts. 

The equivalent event is characterized by the most severe sag 

over a defined period of time. The voltage sag severity is 

defined as the product between the residual voltage and sag 

duration. For voltage sag reporting, the Portuguese Regulation 

[8] state the usage of 1 and 10 minutes for aggregation time. 

III. STOCHASTIC CHARACTERIZATION AND METHODOLOGIES 

A. Poisson process 

This paper proposes the use of a Poisson process to model 

the occurrence of voltage sags. The Poisson process is defined 

as a stochastic process which is used to model arrivals of 

random events in time. Considering the process parameter 

λ (λ ϵ IR+) to represent the rate of occurrences (inverse of the 

scale parameter µ, that describes the time between sags), the 

Poisson process proprieties are [9]: 

 

• The probability of more than one voltage sag occur in 

a sub-interval of time is zero; 

• The probability of a voltage sag occur in one sub-

interval is equal for every sub-interval of time; 

• The probability of a voltage sag in one sub-interval is 

independent of the others sub-intervals. 

 

The process proprieties are equivalent to admit that the 

number of events in a specified interval of time follows a 

Poisson distribution. For the random variable X describing the 

number of sags during an interval: 

 

𝑃(𝑋 = 𝑥) =   {
𝑒−𝜆 𝜆𝑥

𝑥!
 ,   𝑥 ∈ 𝐼𝑁+

0,   𝑐. 𝑐.

         (1) 

 

The Poisson process can be generalized to the exponential 

distribution, to describe the time between sag arrivals. As the 

equation (2) shows, the exponential distribution density 

function is characterized by a high probability of consecutive 

sags occur in a short difference of time t, and the probability 

decreases with time: 

 

𝑓𝑋(𝑡) =  {
𝜆𝑒−𝜆𝑡  ,   𝑡 ≥ 0

0,   𝑐. 𝑐.
              (2) 

 

The time between sags can also describes a gamma 

distribution. However, contrary to the exponential and Poisson 

distributions, the gamma parameterization uses two values, 

being α the shape parameter and β the scale. The exponential 

distribution is a particular case of the gamma distributions in 

which α equals to 1 and β equals µ. For the random variable t, 

and being Γ(α) the gamma function: 

 

𝑓𝑋(𝑡) =  {
𝛽𝛼

𝛤(𝛼)
𝑡𝛼−1𝑒−𝛽𝑡  ,   𝑡 ≥ 0

0,   𝑐. 𝑐.
          (3) 

 

Thus, the Poisson process characterization of a random 

variable X to the number of points in the process NX in a defined 

t period of time, by the exponential and gamma distribution are: 

 

𝑋 ~ 𝐸𝑥𝑝(λ) →  𝑁𝑋 ~ 𝑃𝑜𝑖(λt)            (4) 

𝑋 ~ 𝐺𝑎𝑚𝑎(𝛼, 𝛽) →  𝑁𝑋 ~ 𝑃𝑜𝑖 (𝑡
𝛽⁄ )         (5) 

 

B. Graphical methods used for data analysis 

The methodology used in the paper allows to test the 

distribution fitting and visualize the results. The empirical data, 

corresponding to the times between sags and the exponential 

and gamma distributions are plotted through quantil-quantil 
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plots (Q-Q plots). The Q-Q method compares the empirical and 

theoretical distributions by plotting the theoretical quantiles and 

permits to conclude on the symmetry of the data and in which 

intervals of values the theoretical distributions seems to fit the 

data.  

The estimated quantiles are based on the cumulative 

distribution function of the theoretical distributions. For the 

sorted empirical data y(i), being i the data index, the percentiles 

p(i): 

 

𝑝(𝑖)  =  
𝑖−0.5

𝑛
, 𝑝(𝑖) 𝜖 [0,1]              (6) 

 

And the values of the quantiles Qi(pi) are given by the 

distribution function F using (6) [10]: 

 

𝐹[𝑄(𝑝)] = 𝑝 → 𝑄(𝑝) =  𝐹−1(𝑝)          (7) 

 

To analyse the distribution fitting through a Q-Q plot the 

distribution parameters might be needed. As for the exponential 

distribution, because λ is a scale parameter the plot can be made 

without any estimation. The gamma distribution, however, have 

two parameters that must be specified before the plot drawn.  

The parameters can be estimated by a linear regression 

model, i.e. by calculating the Q-Q plot line that describes the 

best fit for the data. The relation between the distribution 

parameters and the line are presented in Table I [11]. For the 

gamma distribution, the α parameter must be previously 

estimated. The parameter was estimated by the maximum 

likelihood method and 95% confidence intervals. 

 
TABLE I. RELATION BETWEEN DISTRIBUTION PARAMETERS AND 

LINE PARAMETERS. 

Distribution Intersection Slope 

Exponential 0 λ 

Gamma 0 β 

 

The Q-Q plot scale can be changed to allow interpretation. 

Due to the interval of times in which the data is inserted it was 

used three scales for the Q-Q plots analysis: 

 

• Without scale modification; 

• Logarithm transformation; 

• Power transformation. 

 

While the plot without scale transformation allows to have a 

first impression of the fitting, the log transformation is applied 

due to the right skewness of the empirical data and makes the 

data more interpretable. In addition to making the data less 

skewed, a power transformation defined by a parameter θ can 

symmetrize the data. For the stochastic characterization 

presented in this paper it was used θ=1/3, i.e. the cube root scale 

that is commonly considered as a standard power 

transformation for right skewed distributions [11]. 

The plotting for each monitored site shown that the power 

transformation is the best scale to analyse the distribution fitting 

and for that reason the results presented in this paper only use 

the cube root scale. 

Table II and III shows the expressions used to construct the 

Q-Q plot with cubic root scale and the estimated parameters by 

linear regression. In Table III Gα
-1 is the inverse gamma 

distribution calculated to the parameter α. 

 
TABLE II. EXPONENTIAL DISTRIBUTION FUNCTION AND 

PARAMETERS USED TO CONSTRUCT THE Q-Q PLOT. 

Observations 
Distribution 

function 
Intersection Slope 

𝑦(𝑖)
1 3⁄

 [− log𝑒(1 − 𝑝(𝑖))]1 3⁄  0 𝜆1 3⁄
 

 
TABLE III. GAMMA DISTRIBUTION FUNCTION AND PARAMETERS 

USED TO CONSTRUCT THE Q-Q PLOT. 

Observations 
Distribution 

function 
Intersection Slope 

𝑦(𝑖)
1 3⁄

 [𝐺𝛂
−1(𝑝(𝑖))]1 3⁄  0 𝛽1 3⁄

 

 

IV. DATA PROCESSING 

A. Monitored voltage sags characteristics 

The analysed data comes from 89 monitored sites in the 

Portuguese Transmission Network between 2011 and 2015. 

The voltage levels in the grid are 60, 150, 220, and 400 kV, 

distributed by urban, urban/rural and rural locations [8]. For 

each reported event the following characteristics are provided 

by the quality monitoring devices: 

 

• Monitored site; 

• Affected phase; 

• Minimum residual voltage; 

• Sag duration; 

• Date of the event. 

B. Sags aggregation 

For each monitored site the reported voltage sags are defined 

as equivalent events by the polyphase and time aggregation. 

The time aggregation period was 2 seconds. Despite the 1 and 

10 minutes considered by the Portuguese Regulation for 

disclosure, the time between unsuccessful reclosure attempts in 

the transmission grid is approximately 2 seconds, and so this 

time aggregation period is stablished to reduce the dependent 

events.  

C. Annual variation of voltage sags occurrences 

The analysis of the voltage sags occurrences shown that the 

number of events varies greatly during the year and between 

years, as most sags occur due to unpredictable causes. 

Figure 1 presents the annual variation of voltage sags events 

during 2011. The bold vertical lines suggest a higher number of 

sags during a short period of time and reported in a great 

number of sites. The year 2011 shows a great number of 

occurrences from April to June. The figure also present the 
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scatter plots for the voltage sags after aggregation, that show a 

reduction in the number of evets. The results concluded that 

there is not a standard in the voltage sags occurrences during 

the year of 2011 nor in the others years. 

 

 

 

 

 

 
Fig. 1. All monitored sags in 2011, after polyphase aggregation and after time aggregation with 2 seconds. 

V. EXPONENTIAL AND GAMMA DISTRIBUTIONS FITTING 

A. Outliers 

The fitting analysis used the data sets from each one of the 

monitored sites in the 5 years after the aggregation of events.   

A first analysis to the empirical distributions exposed the 

existence of outliers. The box plot shown in Figure 2 

describes the right skewness of 4 data sets and the presence 

of high values of time between sags outside the upper limit 

of the box. It was considered the exclusion of the times 

between sags higher than 1 months, equivalent to 2.6×106 

seconds – represented as a black line in Figure 2 – for all the 

monitored sites. The monitored sites are identified by 

location – urban (U), urban/rural (S) and rural (R) – and 

voltage level. 

 

B. Distributions fitting  

The results for the exponential and gamma distributions 

fitting are shown for an urban/rural 60 kV site, in Figure 3. 

For the distribution fitting all parameters were estimated by 

the maximum likelihood method and 95% confidence 

intervals and a minimum of 20 observations.  

As expected from the box plot in Figure 2, the higher 

values of times between sags does not fit either the 

exponential or the gamma distributions. However, contrary 

to the gamma distribution, the exponential fitting suggests 

that the lowest values of times between sags – approximately 

until 1 hour between sags – does not follow the distribution. 

Nevertheless, the results indicate that the times between sags 

follow both the exponential and gamma distributions in a 

wide range of data values. 

 
Fig. 2. Box plot for 4 sites for the data sets monitored between 2011 and 2015, and the outliers above 1 month (black line). 
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Fig. 3. Q-Q plot for the exponential (left) and gamma (right) distributions fitting to the times between sags in a monitored 60 kV urban/rural 

site. Representation with cubic root scale.

VI. DETERMINATION OF THE PROBABILISTIC PARAMETERS 

A. Parameters estimation 

As the times between sags describe a Poisson process, to 

conclude this paper results it is presented the distribution 

parameters that describe the sags occurrences in each one of the 

monitored site. The parameters were determined by the method 

of least squares which calculates the best fit for the data, as 

defined in Table II and III of chapter III. It was considered only 

the monitored sites with a minimum of 50 observations to 

minimize the dispersion of the parameters that describe the 

occurrence of voltage sags in the RNT. 

The parameters were estimated according to the sets of data 

that may follow each one of the distributions, as seen in 

chapter V. For the exponential distribution the least squares 

method was applied to the data in the interval between 1 hour 

and 1 month, considering the deviation of the lowest times 

between sags to the exponential. As for the gamma distribution, 

it was only excluded the times between sags higher than 1 

month. 

Figure 4 shows the Q-Q plots for the same site shown in 

Figure 3 but with the parameters estimated with the least 

squares method. 

The histogram in Figure 5 shows the fit between the 

empirical data and the probabilistic density functions. Each bin 

has a range of 105 seconds, approximately 1 day and 4 hours. 

  The results show that the gamma distribution fits better the 

firsts bins, whereas the exponential describes better the higher 

times between sags. 

 

 

 

 

 

  

Fig. 4. Q-Q plot for the exponential (left) and gamma (right) distributions fitting to the times between sags in a monitored 60 kV urban/rural 

site. Representation with cubic root scale and parameters estimated with least squares method. 
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Fig. 5. Histogram of the times between sags in a 60 kV urban/rural site. Exponential (blue) and gamma (red) distributions, and scatter plots of 

the times between sags in the monitored site.  

B. Parameters characterization 

The parameters estimated for each monitored site are 

grouped by location and voltage level. Tables IV to XII show 

the statistics that summarize the parameters characteristics. Due 

to the minimum of 50 observations to the analysis and the few 

number of urban monitored sites, the urban site characterization 

presents only one monitored location. Figures 6 to 8 present the 

parameters distributions. 

Tables IV and V show that the exponential distribution 

parameter µ has a maximum value in rural and urban/rural 220 

kV site, as the histograms (a.3) and (b.3) in Figure 6 suggest. 

Excluding the results for 400 kV, the value of µ increases with 

the voltage level, which indicates that the monitored 60 kV sites 

have shorter times between sags. 

Due to the gamma distribution parametrization, both 

parameters do not vary as much as µ. The minimum α parameter 

is near 0.2 for most of the results, and the maximum value 

decreases with the voltage level. As for β, the parameter 

minimum value increases with the voltage level, and the 

maximum voltage does not change significantly. 

 
TABLE IV. STATISTICAL DATA FOR µ IN RURAL SITES. 

Statistic 

values 

(×𝟏𝟎𝟓) 

Voltage level 

60kV 150kV 220kV 400kV 

Median 8.04899 6.76501 8.92748 6.80912 

Mean 8.08536 7.57084 9.38130 7.85654 

Std. var. 1.83815 1.47285 1.48010 2.39274 

Maximum 10.9055 10.1481 12.1591 11.4174 

Minimum 5.68442 6.41737 7.94957 6.39049 

 

TABLE V. STATISTICAL DATA FOR µ IN URBAN/RURAL SITES. 

Statistic 

values 

 (×𝟏𝟎𝟓) 

Voltage level 

60kV 150kV 220kV 400kV 

Median 8.29843 6.79557 8.49940 7.71743 

Mean 8.07205 7.44733 8.62418 7.71743 

Std. var. 1.75560 1.96888 1.10016 0.41296 

Maximum 10.9144 11.3767 10.1297 8.00943 

Minimum 4.99046 5.98442 7.50259 7.42542 

 
TABLE VI. STATISTICAL DATA FOR µ IN URBAN SITES. 

Statistic 

values 

 (×𝟏𝟎𝟓) 

Voltage level 

60kV 150kV 220kV 400kV 

Mean 7.4362 - 8.1268 - 

 
TABLE VII. STATISTICAL DATA FOR α IN RURAL SITES. 

Statistic 

values 

 (×𝟏𝟎−𝟏) 

Voltage level 

60kV 150kV 220kV 400kV 

Median 2.75293 3.11601 2.81605 2.93792 

Mean 2.97015 3.08308 2.76954 2.93696 

Std. var. 0.69584 0.56541 0.40312 0.13835 

Maximum 4.59830 3.79715 3.31224 3.08204 

Minimum 2.24610 2.24850 2.20311 2.78996 
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TABLE VIII. STATISTICAL DATA FOR α IN URBAN/RURAL SITES. 

Statistic 

values 

 (×𝟏𝟎−𝟏) 

Voltage level 

60kV 150kV 220kV 400kV 

Median 2.73204 3.01873 2.56145 2.75055 

Mean 3.25599 3.61661 2.68970 2.75055 

Std. var. 1.07466 1.24864 0.47305 0.06122 

Maximum 5.74925 5.35898 3.66845 2.79384 

Minimum 2.39160 2.40359 0.22611 2.70726 

 
TABLE IX. STATISTICAL DATA FOR α IN URBAN SITES. 

Statistic 

values 

 (×𝟏𝟎−𝟏) 

Voltage level 

60kV 150kV 220kV 400kV 

Mean 3.9996 - 2.8967 - 

 
TABLE X. STATISTICAL DATA FOR β IN RURAL SITES. 

Statistic 

values 

 (×𝟏𝟎𝟔) 

Voltage level 

60kV 150kV 220kV 400kV 

Median 1.17248 1.13066 1.28777 1.18125 

Mean 1.16438 1.11820 1.28768 1.22627 

Std. var. 0.26878 0.15690 0.13068 0.18751 

Maximum 1.53688 1.30975 1.49550 1.49189 

Minimum 0.76629 0.85411 1.08397 1.05069 

 
TABLE XI. STATISTICAL DATA FOR β IN URBAN/RURAL SITES. 

Statistic 

values 

 (×𝟏𝟎𝟔) 

Voltage level 

60kV 150kV 220kV 400kV 

Median 1.19109 1.17960 1.36657 1.30061 

Mean 1.16516 1.13408 1.29868 1.30061 

Std. var. 0.22426 0.22971 0.15028 0.03871 

Maximum 1.49364 1.41772 1.43750 1.32798 

Minimum 0.762096 0.890906 1.04853 1.27324 

 
TABLE XII. STATISTICAL DATA FOR β IN URBAN SITES. 

Statistic 

values 

 (×𝟏𝟎𝟔) 

Voltage level 

60kV 150kV 220kV 400kV 

Mean 1.0130 - 1.3029 - 

 

VII. CONCLUSION 

The results presented in this paper suggest that the 

occurrence of sags describes a Poisson process. The 

conclusions were obtained through the analysis of monitored 

sags in 89 monitored sites in the Portuguese Transmission 

Network over a period of 5 years, which made possible to 

consider the annual variance of the events, and the aggregations 

allowed to reduce the dependence between events. 

 The analysis shown that both the exponential and gamma 

probabilistic distributions fit the data. The fitting analysis 

considered a minimum of 20 observations per site which results 

in 81 analysed sites. The Q-Q plots used the cubic root scale 

that was the best scale transformation for data analysis and 

interpretation. The gamma distribution gives a better 

description of successive occurrences in a shorter period of 

time. The exponential distributions characterize the occurrences 

behaviour when expected a higher time between sags. 

Finally, it was determined the parameters that characterize 

the occurrence of voltage sags in the Portuguese Transmission 

Network which allow the use of Poisson process in the sags 

prediction studies. 
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(a.4) (b.4) 

Fig. 6. Distribution of the parameter µ for the monitored rural (a) and urban/rural (b) sites, and for 60 (1), 150 (2), 220 (3) and 400 (4) kV. 
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Fig. 7. Distribution of the parameter α for the monitored rural (a) and urban/rural (b) sites, and for 60 (1), 150 (2), 220 (3) and 400 (4) kV. 
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Fig 8.  Distribution of the parameter β for the monitored rural (a) and urban/rural (b) sites, and for 60 (1), 150 (2), 220 (3) and 400 (4) kV. 

 


