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ABSTRACT 

Previous studies have reported on the advantages of using 

renewable generation connected through power electronic 

converters in a distribution grid. However, much 

uncertainty still exists about the planning and operation of 

grids, which needs to be addressed effectively. For that 

reason, the major objective of this paper is to analyse the 

operation of unbalanced distribution grids radially 

operated from the point of view of the security and the 

reliability based on a probabilistic (N-1)-Criterion rather 

than assessment of individual snapshots. 

INTRODUCTION 

In recent years, there has been an increasing interest in the 
development of the ideal architecture of distribution grids 
and their associated business processes due to two main 
factors: the expected rise in electricity consumption in the 
future and the growing trend towards a major integration 
of renewable energies in the energy mix, mainly connected 
through power electronic converters. The mid-term 
outlook of a higher ratio of renewables poses a difficult 
challenge to the operation of present grids since it 
introduces larger uncertainties in the energy generation. 
The true randomness of renewables represents a serious 
threat. These new challenges in distribution grids coexist 
in harmony with classical concerns, like unbalance, power 
quality problems, voltage rise, protection malfunctioning, 
earthing, etc. 
The probabilistic analysis becomes important as soon as 
input parameters are known to be random or for medium- 
or long-term studies considering forecast errors. The mix 
of PV systems, wind generators as well as load 
consumption requires an assessment from a probabilistic 
point of view. This paper presents the adaptation of new 
algorithms designed for distribution networks to consider 
wind or solar distributions and correlations based on 
historic profiles or time series data. The classical (N-1)-
Criterion contingency analysis requires additional 
considerations. A single outage contingency will lead to 
power flow deviations and loss of customers that will 
require specific network reconfiguration, exposing the 
system to subsequent secondary or multiple contingency. 
Temporary security countermeasures considering fast 
remote-controlled breakers for network reconfiguration or 
fast power electronic control system actions can be defined 
to avoid maintaining an emergency state or avoid losing 
loads. The post-contingency strategy is firstly based on 
searching the optimal tie open point according to the 
minimization of losses or reliability indices. The problem 
comes when the single outage contingency can occur at a 
different network situation than the one considered by the 

operator, due to different wind or solar conditions. 
The operator needs a different type of information: means, 
standard deviations, confidence intervals, forecast errors, 
density functions, correlations, maxima, minima…It is 
discussed if the reliability (N-1)-Criterion is enough for the 
distribution system or other stricter criteria based on 
confidence intervals should be adopted in order to assure 
the security of supply in the complete system. 
This paper provides examples about the introduction of the 
probabilistic analysis instead of the classical deterministic 
perspective and their benefits in an extended range of 
tools. 

METHODOLOGY 

Contingency Analysis is a load flow study of the network 

in the event of an unplanned outage of one (N-1) or more 

elements, for example a line fault. Contingencies can only 

be executed if there is a valid solution to the base case, also 

called N case. After that, the post-contingency scenario is 

configured, and a new load flow calculation is performed. 

Violations concerning voltage deviation or loading of 

elements are reported if any. Drawbacks of the classical 

contingency methodology are: 

1) The base case might be wrong due to forecasting 

errors. 

2) Post-contingency strategies are based on fast-remote 

controlled breakers, and these breakers might be 

planned on an erroneous base case. 

3) Several base cases are possible due to the fluctuating 

generation and consumption. Therefore, several load 

flow calculations need to be performed for the same 

contingency. This can become high time-consuming 

in large distribution networks. Usually, this is 

simplified by choosing the worst scenario, taking the 

risk of drawing to conclusions just based on an 

unlikely operation point in some cases. 

The probabilistic analysis allows network assessment 

based on probabilistic input data rather than assessment of 

individual operation scenarios or time sweep analysis. 

Stochastic assessment is seen as an alternative to pure 

worst-case assessment of grid capabilities [1]. 

Probabilistic data input is processed, and stochastic results 

are obtained, i.e. each result quantity will no longer be a 

fixed number but a distribution from which statistic 

quantities (e.g. mean values, standard deviations, min, 

max, etc.) can be derived. The Probabilistic Load Flow 

Analysis is used in this paper to improve system security 

during contingency studies. Two methods are proposed: 

• Probabilistic Load Flow in the previous stage of 
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the contingency analysis in order to find the most 

interesting base case. Figure 1 shows the flow 

chart of the first proposal. 

• The contingency itself is solved using a 

Probabilistic Load Flow. Figure 2 shows the flow 

chart of the second proposal. 

 

 
Figure 1: Probabilistic Load Flow as base case for the (N-1)-

Criterion 

 
Figure 2: Probabilistic Load Flow to solve the (N-1) case 

 

MODEL DESCRIPTION 

The network under study is shown in Figure 3. Renewable 

generation is included (wind and solar generation). The 

statistical models are described on the following 

subsections. 

 

 
Figure 3: Network used for demonstration purposes 

Wind power model 

When wind power time series data is available (Figure 4), 

the bootstrapping [2] method can be used to refine the 

estimation of the underlying wind power distribution 

function (Figure 5). 

 

 
Figure 4: Wind power generation - time series 

 
Figure 5: Wind power generation – conversion to cumulative 

distribution function, input to the Probabilistic Load Flow 

When the Weibull wind distribution (Figure 6) is available 

as well as the wind turbine power curve (Figure 7), both 

curves can be transformed in form of a cumulative 
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distribution function (Figure 8). Since wind speeds higher 

than 15 m/s lead to constant maximum power production 

of the wind turbine, a step can be seen at nominal power 

of the cumulated distribution curve. 
 

 
Figure 6: Wind speed - Weibull density function 

 
Figure 7: Wind power curve versus wind speed 

 
Figure 8: Transformation of the wind power curve and the wind 

speed Weibull probability density function 

PV model 

Similarly to the model described in the previous section, 

when solar power time series data is available (Figure 9), 

the bootstrapping method can be used to refine the 

estimation of the underlying solar power distribution 

function (Figure 10). This method uses each single value 

from the time series data and, therefore, represents night 

hours, in which the production of PV systems is zero, as 

seen in the cumulative distribution function. 
 

 
Figure 9: PV plant generation - time series 

 
Figure 10: PV plant generation – conversion to cumulative 

distribution function, input to the Probabilistic Load Flow 

Load model 

The bootstrapping method is used to obtain the distribution 

function (Figure 11). Time series consider the seasonal 

data, holidays and group of days. 
 

 
Figure 11: Load – conversion to cumulative distribution 

function, input to the Probabilistic Load Flow 

Additionally, a normal distribution function representing 

forecast errors (σ=±5%) and dependencies, representing 

for example the correlation in terms of solar power infeed 

of locally clustered solar inverters, wind power generators 

or loads by similar type, can be considered in the model. 
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COMPARISON OF RESULTS 

 

METHOD 1: Probabilistic Load Flow to establish 

the base case, contingency NE_L4 

Contingencies can only be executed if there is a valid 

solution to the base case. A Probabilistic Load Flow is used 

to analyse and define the N base case for planning 

purposes and prepare the contingency assessment. The 

statistical analysis is executed using the Monte Carlo 

method over 1000 samples, a method that draws individual 

samples randomly. The following results are obtained and 

analysed: 

• Mean line loading value and confidence interval 

(95%). 

• Standard deviation and its confidence interval 

(95%) 

• Maximum loading and iteration where the 

maximum value is obtained. 

• Minimum loading and iteration where the 

minimum value is obtained. 

Results presented in Table 1 are obtained from the 

Probabilistic Load Flow Analysis. Loading values of lines 

are converted into a cumulative distribution function.  

 

 
Figure 12: Cumulative distribution estimation – base case – 

line loadings 

Figure 12 shows the estimation of the statistical 

distribution for the most loaded lines. Bootstrapping is 

used to re-sample the data. The y-axis provides that 86.3% 

of samples are below 100% loading for line NE_L3. Line 

NE_L3, in some occasions, might be overloaded. The 

Contingency Analysis is a load flow study built on the 

hypothesis that there is a valid solution to the base case in 

normal steady-state operation. The situation of line NE_L3 

should be checked and fixed before considering the 

iteration number 512 as N base case.  

Mean values are used and the load flow analysis for the 

outage of line NE_L4 is performed. Table 2 summarizes 

the results. Line NE_L3 is overloaded. The rest of lines in 

the network are not overloaded. 

METHOD 2: Probabilistic Load Flow to solve the 

contingency NE_L4 

No base case is determined in this method since each 

contingency is analysed via a Probabilistic Load Flow 

calculation. The outage of the line NE_L4 is also assessed 

to compare the results with the previous method. Table 3 

summarizes the results. The estimation of cumulative 

distribution functions for critical line loadings is presented 

in Figure 13. 

Line NE_L3 is one of the elements in the network 

frequently affected by this contingency. The y-axis of 

Figure 13 provides that only 8.3% of loading samples are 

below 100% loading. The empirical probability has been 

calculated for all lines and reported in Table 3. The 

experimental probability is calculated as the ratio of the 

number of outcomes in which the loading is above 100% 

to the total number of trials, in the actual experiment. It 

shows that NE_L3 line was overloaded in 91.47% of 

samples, complementary to the results provided by the 

cumulative function. From the analysis of loading mean 

values reported in Table 3 (NE_L3 loading 143.50%), the 

results obtained previously and shown in Table 2 are 

confirmed for line NE_L3 (loading 143.49%). There is a 

95% probability that the calculated confidence interval 

(between 141.61% and 145.40%) encompasses the true 

loading mean value. 

 

Table 1: Probabilistic load flow to define base case for the (N-1)-Criteria 

Name 

Loading, 

Confidence int. 

(mean, lower) 

5% [%] 

Loading, 

Mean 

[%] 

Loading, 

Confidence int. 

(mean, upper) 

5% [%] 

Loading, 

Confidence int. 

(std., lower) 

5% [%] 

Loading, 

Standard 

Deviation 

[%] 

Loading, 

Confidence int. 

(std., upper) 

5% [%] 

Loading, 

Maximum 

[%] 

Iteration 

with 

max. val. 

NE_L3 81.67 82.67 83.67 15.47 16.15 16.89 120.28 512 

NW-SW_L2 40.26 41.53 42.80 19.56 20.42 21.35 108.58 220 

NW-SW_L1 40.19 41.45 42.72 19.51 20.37 21.31 108.34 220 

NE_L4 60.03 60.95 61.88 14.24 14.87 15.55 87.78 512 

SE_L2 36.90 37.67 38.44 11.85 12.37 12.94 76.29 843 

NE_L1 65.54 27.05 27.80 28.55 11.57 12.08 12.63 72.87 

NE_L5 44.16 18.25 18.80 19.35 8.50 8.87 9.28 40.17 
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The main difference between both methods when solving 

the contingency is observed from the NE_L5 line loading 

results. The loading is above 100% in 27.11% of the 

samples in the experiment. This level can also be displayed 

in the cumulative distribution function estimation 

represented in Figure 13. Depending on the wind or solar 

conditions, NE_L5 line could be overloaded with a high 

probability of occurrence. It is not possible to deduce a 

problem in this line only by looking at the mean values, or 

their confidence interval, since the average value is within 

the limits of normal operation.  

 
Table 2: Contingency load flow solution 

Name 
Active Power 

[MW] bus i 

Reactive Power 

[Mvar] bus i 

Loading 

[%] 

NE_L3 1001.65 0.48 143.49 

NE_L5 -528.70 25.35 76.02 

NW-SW_L2 -267.28 57.27 49.40 

NW-SW_L1 -265.42 62.27 49.30 

NE_L1 189.73 -63.90 36.04 

 

 
Figure 13: Cumulative distribution estimation – contingency – 

line loadings 

The high standard deviation reported in Table 3, also 

indicates that the loading values in the data samples are 

spread out over a wider range of values, being also an 

indication of relative problems or standard error of the 

reported mean value. In this example, in order to assure the 

security of system supply, a solution should be addressed 

to solve the overloading of line NE_L5. 

CONCLUSIONS 

This paper presents the adaptation of new algorithms 

designed for distribution networks to consider wind or 

solar distributions and correlations based on historic 

profiles or time series data. It is discussed if the classical 

reliability (N-1)-Criterion is enough for the distribution 

system or other stricter criteria based on confidence 

intervals should be adopted in order to assure the security 

of supply in the complete system. 

As the forecast for renewable sources will never be 100% 

accurate and the longer the planning term, the more the 

uncertainty grows (week ahead, long term planning), this 

paper proposes to perform the security assessment using 

probabilistic data and confidence intervals. 

Having the probability of occurrence of problematic cases 

will certainly help in long term planning and network 

development investment plans. It can also help to define 

the base scenarios for other calculations like OPF or 

harmonics. 
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Table 3: Probabilistic load flow to solve contingency NE_L4 

Name 

Loading, 

Confidence int. 

(mean, lower) 

5% [%] 

Loading, 

Mean 

[%] 

Loading, 

Confidence int. 

(mean, upper) 

5% [%] 

Loading, 

Confidence int. 

(std., lower) 

5% [%] 

Loading, 

Standard 

Deviation 

[%] 

Loading, 

Confidence int. 

(std., upper) 

5% [%] 

Loading, 

Max. 

[%] 

Iteration 

with 

max. val. 

Loading, 

Emp. 

prob. 

(upper) 

NE_L3 141.61 143.50 145.40 29.12 30.40 31.80 208.64 512 0.9147 

NE_L5 74.26 75.86 77.46 24.67 25.75 26.94 109.25 709 0.2711 

NW-SW_L2 40.06 41.35 42.63 19.80 20.67 21.62 108.73 220 0.0060 

NW-SW_L1 39.98 41.27 42.55 19.76 20.63 21.57 108.50 220 0.0060 

SE_L2 36.73 37.50 38.27 11.88 12.40 12.97 76.27 843 0.00 

NE_L1 27.86 28.60 29.33 11.27 11.77 12.31 73.31 143 0.00 

 


