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Given the highly fluctuating behaviour of wind energy, statistical models must be developed to 
quantify the impact of this renewable energy on the electrical system reliability. In this study, 
several wind sampling methodologies are introduced and compared in order to investigate the 
impact of wind production over large scale networks (and, more particularly, the Belgian 
network case). In that context, dispersed generators are clustered on basis of wind statistical 
behaviour and several correlation levels with the load are considered to investigate the worst 
case for the evaluation of wind impact on large scale generating system reliability. Moreover, 
clustering hypothesis initially made for narrow generating systems are confronted to larger 
areas and compared with a more realistic hierarchical wind model inside each defined cluster. 
In fact, the proposed intra cluster hierarchical methodology is based on the extraction of the 
correlation between all the statistical wind distributions established inside the cluster. This last 
method consequently leads to a more realistic model in the case of large scale wind clusters as 
it will permit to distinguish correlation and independence between wind speeds inside the same 
cluster. All the wind sampling methodologies are introduced in a Monte Carlo simulation and 
are compared thanks to a well-being analysis. It is finally shown that the proposed technique will 
assist system planners and transmission system operators to qualitatively assess the system 
impact of wind production and to provide adequate input for the managerial decision process in 
presence of increased wind penetration. Note that those methodologies are, here, applied to the 
Belgian network.       

Keywords Power system management, Reliability, Uncertainty analysis, Monte Carlo simulation, 
Wind energy. 

I. Introduction 

Wind generated power has been largely increased during the last decade and even 
constitutes, in some areas, a respectable percentage of the total consumed power [1]. This 
indicates that wind energy is becoming a major contribution to balance the load with power 
production. However, wind production is highly fluctuating and its output can not be 
guaranteed at a weekly time scale. That weather dependence of wind power makes difficult 
its statistical modeling over large scale areas. Indeed, in order to answer reliability issues 
related to the variability of wind power, statistical models and wind production sampling 
methodologies must be established and linked with the load behavior. In that way, wind 
power statistical models have been extensively developed for generation systems [2], [3]. 
Those studies were practically based on the definition of wind clusters; each cluster 
including geographically close wind parks.  

In the case of a generation system, under the hypothesis of narrowness of the investigated 
area, wind parks could all be classified into a single cluster [3]. Here, as larger areas are 
investigated, a belonging criterion must be introduced for the definition of wind clusters. 
This criterion is, in fact, based on the calculation of mean statistical wind distributions over 
the considered network. Indeed, if wind distributions are quasi identical, they will lead to a 
calculated mean distribution similar to them. Consequently, in case of larger areas, wind 
parks can be clustered on basis of calculated mean wind distributions. By applying this 



 
 

methodology to define wind clusters, geographically distant wind parks can be classified in 
the same cluster. Therefore, wind sampling methodologies (one single random number for 
the entire cluster [3]) used for smaller areas must be completed in the case of larger 
networks. In that context, a 2-level hierarchical model is here defined and firstly based on 
the extraction of the correlation (level 1) between all the wind distributions that belong to 
the same cluster. This correlated part is practically obtained by the calculation of a global 
mean wind distribution for each cluster. Then, several normal distributions are computed by 
calculating differences between each wind distribution inside the cluster and the mean 
evolution obtained for this last one. So, the advantage of the proposed model is to define 
clusters on large areas without geographical hypothesis and to introduce realistic sampling 
methodologies inside each defined cluster.      

The article is organized as follow. In a first step, the criterion used to define wind clusters 
in larger areas is introduced. This criterion is, here, applied to the Belgian network and leads 
to the definition of a single wind cluster. Then, the new methodology, proposed for the 
sampling of wind speeds inside the cluster, is explained and applied to a basic HLI 
(generation system and its ability on a pooled basis to satisfy the pooled system demand 
without considering transmission facilities)  [4], [5], [6] reliability evaluation using Monte 
Carlo simulation. In that way, the obtained results are compared with the ones collected 
with existing methodologies [2], [3]. Finally, a conclusion pointing out the major 
observations and interest of the proposed wind sampling methodology is drawn. 

II. Wind Clustering In Geographically Spread Areas: Application to The belgian Case 

A. Clustering criterion 

In this article, the criterion, introduced in order to define wind speed clusters, is based on 
the calculation of a mean distribution for each cluster. In fact, the procedure used in order to 
add a wind distribution into a given cluster is the following one: 

- First step: Calculation of the mean distribution between two initial distributions 
characterized by the same kind of law: for example, both are considered to be Weibull 
distributions as this law is mainly used to represent wind statistical models [2]. If the mean 
distribution also follows a Weibull distribution (which is not necessarily automatic), then, 
both distributions are said to be close enough to belong to the same cluster. This assumption 
can be justified by the fact that a Weibull distribution is not stable. Therefore, when it is 
summed with another Weibull distribution, it does not necessarily give back a Weibull one 
[7] unless both are sufficiently similar; 

- Second step: Summation of a third distribution. If the mean distribution always follows 
a Weibull one, the tested distribution can, then, also be added to the cluster. If it is not the 
case, a second cluster is defined and the tested distribution is said to belong to that new 
cluster.  

The proposed algorithm is continued with all considered distributions. Those last ones 
are always added into the cluster for which they do not modify the nature of the existing 
mean distribution. By applying that method, wind distributions are consequently clustered 
in function of their statistical behavior and not necessarily in function of their geographical 
situation. That methodology can be interesting in case of very large scale areas (like 
continents) if analogies are to be made between distant regions. 
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B. Application of the proposed clustering methodology to the Belgian case 

As illustrated in figure 1 [8], Belgium can be divided into three geographical regions: the 
Polders (Wmean/year > 6m/s), the Centre (4m/s < Wmean/year < 6m/s) and the Ardennes 
(Wmean/year < 4m/s). Consequently to this geographical division of the country, wind speed 
measurements are imperative to characterize each wind region and have been collected for 
Uccle (Centre), Ostende (Polders) and Saint-Hubert (Ardennes) thanks to the data base 
owned by the Royal Institute of Meteorology (IRM)1. In figure 2.a, the histogram of 
measured wind speeds is established for Uccle and follows, based on a least square 
estimation (for the adjustment of scale and shape parameters of the Weibull law) and a χ2 
critical validation of the adjustment [9], a Weibull distribution. Note that the same approach 
is applied for Saint-Hubert (figure 2.b) and Ostende (figure 2.c); also leading to Weibull 
distributions (with, of course, changed parameters). 

  
Fig. 1. Belgian wind speeds repartition [8]. 
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                                         (a)                                                                                              (b) 

                                                           
1 The data given by the Royal Institute of Meteorology are based on one typical year. By definition, a typical year 
is a year that has never existed but that correctly fit the observed weather trends for a larger period of time.    
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Fig. 2. Probability density histogram (IRM data) established for Uccle (a), Saint-Hubert (b) and Ostende (c).  
Note that, in order to make the previous adjustment between Weibull laws and measured 

histograms, a random sampling based on the inversion of a Weibull Cumulative Distribution 
Function was firstly implemented [9] and led to the parameters of table 1. 

( )
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⎞
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⎛−

−= 1,,                      
           (1) 

with, A the scale parameter, B the shape parameter and W the wind speed. 

Table1. Weibull parameters for the three considered Belgian wind distributions. 

Weibull parameters A B Hourly mean speed 
Centre 6.1 1.8 5.4 m/s 

Ardennes 4.85 2.3 4.3 m/s 
Polders 7.6 2.25 6.9 m/s 

In the Belgian case, three Weibull distributions had thus to be clustered. In that way, the 
algorithm, previously presented in section II.A, was launched. 

The mean distribution was, here, obtained by calculating, for each hour, the arithmetical 
mean wind speed between the IRM data collected for the three considered sites (Uccle, 
Ostende and Saint-Hubert). We, so, computed 8760 (IRM data are given, on hourly basis 
for a single typical year) hourly mean wind speeds. The results were then classified 
(intervals of 1 m/s given the precision of the data collected by the IRM) and presented, for 
Belgium, as the histogram in figure 3. A least square adjustment was made on the resulting 
law, leading to a Weibull distribution with A = 5.25 and B = 3.55. 

The obtained Weibull law has been critically validated by mean of a χ2 adjustment test 
and represents thus the evolution of the mean wind speed throughout the country. Based on 
the non stable behaviour of Weibull distributions, it means thus that the three considered 
statistical laws are very close to each other and can thus be classified in a single cluster. 
Therefore, in the Belgian case, the same model as the one established in [2] and [3] for a 
smaller generation system is obtained. Note, however, that a significant difference must be 
pointed out in the way that wind parks are not necessarily geographically close in the 
present study. 
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Fig. 3. Calculated (blue) and simulated (dashed) mean Weibull histograms + 

simulated Weibull density of probability  
C. Load clustering for the Belgian case 

In reference [2], as it is supposed that the distribution system covers a small geographic 
area, a single load cluster is considered. Indeed, in that case, it can be easily asserted that 
similar load types exist (weather conditions quite identical). 

In a larger power system, this hypothesis is more difficult to admit. However, when it 
comes to HLI reliability evaluations, considering entirely correlated load points will permit 
an all or nothing behaviour for the aggregate load. By that mean, extreme load situations 
will be considered (while there was a smoothed effect on the load when independent load 
were taken into account) and will thus lead to a more severe (and, thus, secure) reliability 
study. 

Here, the Belgian load is thus modelled as one single cluster by mean of a normal 
distribution. For the proposed simulations, the base load will be taken as 6 GW and the peak 
value as 13.573 GW (year 2004) [9].     

Reliability Evaluation Using A 1-Hierarchical Level Model Inside The Wind Cluster 

To evaluate reliability, Monte Carlo simulations are generally used as they allow 
generating a large set of system states without excessive assumptions [10], [11]. 

In the present study, a Non Sequential Monte Carlo method has been developed under 
Matlab® to evaluate the reliability indices of the Belgian network. In that established Non 
Sequential simulation, only hourly uncorrelated states are considered as it is supposed that a 
classical generation unit outage state does not condition or influence its state during the next 
or previous hours of simulation (and inversely). Finally, at the start of each hour, a uniform 
distributed random number (V) on the interval [0, 1] is sampled for each unit in order to 
decide its operation state, using the following procedure:          

 If V ≤ FOR, the classical unit is decided to be unavailable; 
 If V > FOR, the classical unit is decided to be fully available;  

Next to those classical units, hourly load and wind production must also be sampled. In 
section II, it has been shown that the stochastic model for HLI reliability evaluation in 
Belgium could be expressed as two clusters: a first dispersed wind generation cluster and a 
load cluster (cf. figure 4). This 2-cluster scheme is identical to the one that was proposed in 
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[2], [3] for geographically limited generation systems. Therefore, the first idea is to use the 
same simulation procedure as the one proposed in those previous references. A 1-
hierarchical level inside the Belgian wind cluster has thus been firstly implemented. By 
doing this, the same uniform random number U1 between [0, 1] was sampled for the three 
Weibull wind distributions considered inside the cluster. 

Concerning the load, a single uniform random number U2 ([0, 1]) was sampled for the 
considered normal distribution (see section II.C).  

 
Fig. 4. 1-hierarchical level inside the wind cluster 

According to [2] and the Stochastic Bounds Methodology, all possible dependence 
structures for a number of clusters can be bounded between two extreme cases: 
independence and entire correlation. Applied to the 2-cluster Belgian case, the sampling Ui 
(i =1,2) dependence concepts can be expressed as: 

( 2
1 UGC −= )                      

            (2) 

( )1
1 UFW jj

−=                       
             (3) 
- Independent:  

21 UU ≠                          
            (4) 
- Entire correlation: 

21 UU =                         
            (5) 

with, C the hourly generated load, Wj the hourly generated wind speed for Weibull law j 
(j = 1,…,3 in the Belgian case), G-1 the inverse of the load normal Cumulative Distribution 
Function and Fj

-1 the inverse of jth Weibull Cumulative Distribution Function. 

Reliability evaluations have been launched for the Belgian classical production park of 
year 2004 (14.758 GW) [9] with a wind penetration of 346.6 MW (based on 10 wind parks 
located all over the country [9]). Moreover, to convert the sampled wind speeds into wind 
production, usual Wind-Power characteristics have been used [12] and the considered load 
was the one depicted in section II.C. When making this study, both proposed dependence 
concepts were implemented and led to the indices given in table 2. Note that a ‘well-being’ 
analysis is made here [10]: P(H) being the probability to be in healthy state (the available 
production stays greater than the load even if the largest unit is set back), P(M) the 
probability to be in marginal state (available production initially greater than the load but 
lower than this last one if the largest unit is set back of the available park) and P(R) the 
probability to be in risky state (available production initially lower than the load). Using 
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such an approach permits to define each simulated system state in terms of available margin 
(difference between the available production and the load). Therefore, the well-being 
approach jointly to a Monte Carlo simulation allows to compute, hour after hour (state after 
state), available (or unavailable) production margin to cover the load. The ‘well-being’ 
analysis allows thus to quantify the degree of risk associated to one state. Moreover, it 
establishes a link between ‘ancestral’ deterministic approach (N-1 criterion) and 
probabilistic ones as the safety of a given system is decided based on the comparison of 
P(H) and a security fixed threshold [13].  

Table 2. HLI reliability evaluation for the Belgian network (year 2004) with a wind production of 
346.6MW; use of the 1-hierarchical level model inside the wind cluster 

 P(H) P(M) P(R) 

Independent ( ) 
21 UU ≠

0.7619 0.2334 0.0047 

Entire correlation  
21 UU =  

0.7667 
 

0.2287 
 

0.0046 
Worst Case 

 
The reliability indices calculated in table 2 show that the worst case (secure solution) is 

obtained when wind production and load are independent. This result is the same as the one 
that was obtained in [2], [3] for small scale generation systems. It can be explained by the 
fact that, when wind and load are entirely correlated, a load peak corresponds to a wind 
peak (cf. figure 5.a). Therefore, the wind production will always be great when load is 
important reducing consequently problematic situations of load non recovery. 

On the other side, when wind production and load are independent, an important load 
does no more involve a high wind production (cf. figure 5.b) and, thus, situations of high 
consumption will imply a larger need in classical production; leading logically to weaker 
reliability results. 
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Fig. 5. Simulated load and wind power with entire correlation during the 25 first hours of simulation (a); 
independent case between simulated load and wind power (b) 

In this paragraph, the same sampling method as the one used for small scale generation 
systems [2] has been used for the Belgian wind cluster. In that way, it has been observed 
that the entire independence between wind production and load was leading to the most 
secure solution (worst case) in terms of reliability evaluation. However, when applying this 
method, all the wind production inside the cluster was supposed to be entirely correlated (1-
hierarchical level inside the wind cluster). If this approach will obviously lead to the highly 
fluctuating hourly wind power, it is hardly acceptable to say that one hour of strong wind in 
the North of the country will immediately imply high winds in the South. Therefore, in the 
case of a large scale cluster, the wind stochastic model needs to be improved in order to 
better suit with the reality.  

2-Hierarchical Level Model Inside The Wind Cluster 

In the case of a larger scale wind cluster and, in order to better fit the reality, the idea is 
to extract, in one single distribution, all the correlation between the stochastic laws inside 
the considered wind cluster. Then, in order to particularize each wind region inside the 
cluster and, based on the Central Limit Theorem, independent normal noises are to be 
defined for each area. 

In the Belgian case, in order to extract the correlation between the three considered 
Weibull laws (see. Table 1), a global mean distribution is calculated using the procedure 
described in section II.B and leads to a new Weibull law (see. Figure 3). Then, normal 
noises N(m,σ) are introduced for each wind region inside the cluster and model the hourly 
difference between the arithmetical mean wind speed histogram and the IRM measured 
histogram of each wind region (6), (7) and (8).  

( ) ( ) ( )jWjWjB ucclemeanuccle −=                    
             (6) 

( ) ( ) ( )jWjWjB sthubertmeansthubert −=                   
          (7) 

( ) ( ) ( )jWjWjB ostendemeanostende −=                 
          (8) 
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Where, j represents the hour, Wsite the wind speed at the considered site, Wmean the wind 
speed extracted from the arithmetical mean distribution and B is the hourly difference 
between these two wind speeds. 

Figure 6.a illustrates, for Uccle, the histogram of the calculated hourly differences BBuccle. 
This last one follows the evolution of a Normal distribution and its parameters have then 
been determined thanks to a method of moments [14]. The obtained Normal distribution for 
Uccle can be expressed as N(1.2098, 1.8325) and is validated, in figure 7.a, where this 
simulated distribution almost perfectly fits the one extracted from the calculated histogram 
BuccleB . Note that the same approach has been followed for Saint-Hubert (figures 6.b and 7.b) 
and Ostende (figures 6.c and 7.c) and has also led to normal noises. Indeed, Saint-Hubert is 
characterized by a normal distribution N(0.6688, 1.6987) while Ostende gives N(-1.8786, 
2.3839). 
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Fig. 6. Calculated distributions of the differences between the arithmetical mean histogram and (a) the Uccle IRM 
one, (b) the Saint-Hubert IRM one, (c) the Ostende IRM one.  
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Fig. 7. Validation of the Normal distribution for wind speed differences (between the hourly wind speed at each 
site and the global arithmetical mean wind speed) for (a) Uccle, (b) Saint-Hubert and (c) Ostende.    

Based on the Central Limit Theorem, calculating the differences between the global 
mean distribution and each distribution inside the cluster allows the extraction of the entire 
independency between the considered areas inside the cluster. 

Consequently, the 2-hierarchical level model inside the wind cluster can be established as 
figure 8. In that case, the sampling dependence concepts between wind generation and load 
stay similar to the ones proposed in (2), (3), (4) and (5). However, note that, in (3), Fj

-1 must 
now be taken as the inverse of the mean Weibull Cumulative Distribution Function and is 
thus identical for all the j speed areas inside the wind cluster. Therefore, during the Monte 
Carlo simulation, the sampling dependence is thus considered between the load and the 
calculated mean wind distribution. Moreover, in order to particularize each wind region 
inside the cluster, independent normal noises (different value for each wind region and 
independent from the load) are added, during each simulated state, to the sampled mean 
wind speed. To do this, each normal noise must be sampled, during one hour of the 
simulation, by use of a different random number (Un1, Un2 and Un3 in figure 8) for each wind 
area inside the cluster.    

 10 



 
 

 
Fig. 8. 2-hierarchical level inside the wind cluster 

Reliability evaluations have also been made with the 2-hierarchical level model inside 
the wind cluster. In order to make a comparison between both proposed modeling 
methodologies, the simulation scheme was the same as the one used in table 2 (classical 
production park and load of year 2004 + 346.6 MW wind park). Again, both dependence 
concepts ((4) and (5)) between load and dispersed generation were considered for the 
reliability evaluation. However, note that only the mean global wind distribution is here 
correlated to the load. 
 

Table 3. HLI reliability evaluation for the Belgian network (year 2004) with a wind production of 
346.6MW; use of the 2-hierarchical level model inside the wind cluster 

 P(H) P(M) P(R) 
Independence Mean Distribution Vs. Load 

( ) 
21 UU ≠

0.7618 0.2335 0.0047 

Entire correlation Mean Distribution Vs. Load 
 

21 UU =

 
0.7645 

 
0.2309 

 
0.0046 

Table 3 summarizes the reliability indices obtained with the 2-hierarchical level wind 
model. It can be observed that the more secure results (worst case) are again obtained when 
the mean wind distribution is totally independent from the load. Note, in the present case, 
that the calculated indices are globally similar to the ones obtained in table 2 due to the 
considered poor wind penetration. Nevertheless, when wind and load are entirely correlated, 
it can though be observed that P(M) is slightly worst than the same index calculated in table 
2. Indeed, in the 1-hierarchical level modeling, all wind distributions were correlated to the 
load implying a large wind production to face a load peak. In the present case, the 
independent normal noises imply a ‘smoothing’ around a mean wind production peak when 
a peak load must be faced. Therefore, in case of load peak, the wind contribution is less than 
the one that was computed in the 1-hierarchical level model; leading thus to a worsened 
reliability index P(M) in the correlated case of table 3. However, as explained in the 
previous paragraph, the results collected in tables 2 and 3 are quite similar. That can be 
explained by the small wind penetration (346.6 MW) in comparison with the considered 
classical production (14.758 GW). Therefore, in order to further compare both proposed 
hierarchical models, wind penetration has been increased to 10.7% (1.5 GW) of the classical 
production following the scenario depicted in reference [9] (large increase of some wind 
park sizes). Table 4 summarizes the calculated reliability indices with both hierarchical 
models inside the wind cluster (classical production park and load of year 2004). 

Table 4. HLI reliability evaluation for the Belgian network (year 2004) with a wind penetration of 
10.7%; use of the 1 and 2-hierarchical level models inside the wind cluster 

  P(H)  P(M)  P(R) 

Independence Mean Distribution 
Vs. Load ( ) 

21 UU ≠

0.7682  0.2274  0.0044 

Worst Case 

Worst Case 
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Entire correlation Mean 
Distribution Vs. Load 

 
21 UU =

0.7794  0.2165  0.0041 

Independence  3 Weibull Vs. 
Load ( ) 

21 UU ≠

0.7791  0.2168  0.0041 

Entire correlation  3 Weibull Vs. 
Load  

21 UU =

0.7960  0.2004  0.0036 

Worst Case 

For each wind hierarchical model, it can be clearly observed, in table 4, that considering 
a global independence between wind production and load leads, with both methods, to the 
worst P(R) and P(M) indices (if compared with the entire correlation between load and wind 
production).   

Moreover, it can still be observed that, in the case of entire correlation between wind and 
load, the worst case is again computed with the 2-hierarchical level wind model (P(M) = 
0.2165 and P(R) = 0.0041 compared to P(M) = 0.2004 and P(R) = 0.0036 with the 1-
hierarchical level model). This result confirms thus the smoothing involved by the 
independent normal noises between wind regions inside the cluster.  

On the other hand, when wind production and load are independent, computed reliability 
indices show that the most secure probabilities are again obtained with the 2-hierarchical 
wind model. Indeed, in that case, the use of independent normal noises involves increased 
independency between wind regions inside the defined wind cluster. Therefore, it implies a 
much more smoothed global wind production (over the entire cluster) facing the load. That 
independency between the productions of each wind region inside the defined cluster did 
not exist in the 1-hierarchical level wind model as one single identical random number U1 
was sampled for all the regions inside the cluster. In that case, a much more variable global 
wind production is sampled for the entire cluster. As this last one is independent from the 
load, it can lead to punctual situations of severe differences between global wind production 
and load. On the other side, in the 2-hierarchical level wind model, differences between 
global wind production and load will be much more limited but will lead more often to 
problematic situations of load non recovery as the contribution of wind production will 
always be averaged whatever the load is. This result is confirmed in figure 9 that plots, for 
both hierarchical wind models, the number of occurrences of differences between load and 
available production for the risky states recorded during the Monte Carlo simulation. 
Indeed, it can be observed on the histogram collected with the 1-hierarchical level wind 
model more frequent (10 occurrences with the 1-hierarchical level model compared with the 
three ones collected with the 2-hierarchical model) occurrences of severe differences (larger 
than 3 GW; installed capacity of the greater classical park [9]) between load and available 
production (figure 9.a) during the recorded risky states. 
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Fig. 9. Distribution of the differences between available production and load during simulated risky state with the 

1‐hierarchical level wind model (a) and the 2‐hierarchical level one (b) for a wind penetration of 10.7%. 

Simulation Results With Different Wind Penetration Scenarios 
In  this  last  section,  the  impact  of  wind  penetration  (always  following  scenarios  of 

reference  [9])  on  the  proposed  wind  hierarchical  models  is  evaluated  by  comparing 
reliability indices for 3 wind penetrations: 2.3, 10.7 and 20 %.  

 
  P(H)  P(M)  P(R) 

Independence Mean 
Distribution Vs. Load 

( ) 
21 UU ≠

0.7870  0.2090  0.0040 

Entire correlation Mean 
Distribution Vs. Load 

 
21 UU =

0.8095  0.1871  0.0035 
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Independence  3 Weibull 
Vs. Load ( ) 

21 UU ≠

0.8015  0.1947  0.0038 

Entire correlation  3 
Weibull Vs. Load 

 
21 UU =

0.9388  0.0604  0.0008 

Table 5. HLI reliability evaluation for the Belgian network (year 2004) with wind penetration of 20 %; use of the 1 
and 2-hierarchical level models inside the wind cluster 

 

The  collected  results  for  a  wind  penetration  of  20  %  are  proposed  in  table  5.  Those 
obtained for 2.3 and 10.7 wind penetrations can respectively be seen in tables 2, 3 (2.3 % 
wind penetration) and 4 (10.7% wind penetration). First of all, it can be observed that, for 
unchanged  classical  production  parks  and  load  characteristics,  the  increase  of  wind 
penetration logically improves the computed reliability indices (decrease in P(M) and P(R) 
from table 2 to table 5). Secondly, it is confirmed that, whatever the correlation between 
wind  production  and  load  is,  the  2‐hierarchical wind model  always  leads  to  the most 
secure probabilities of  load non recovery P(R) (worst case). Moreover, for the 20 % wind 
penetration case, it can again be seen that the severity of the recorded ‘fault’ situations is 
worst with  the 1‐hierarchical  level wind model.  Indeed,  in  that  case,  the  independence 
between  all  the wind production  and  the  load  is  complete. This  involves possible  large 
differences  between  global  wind  production  and  load.  On  the  opposite,  in  the  2‐
hierarchical  level model, only the mean wind production  is completely  independent with 
the  load;  therefore,  the  differences  between  global  wind  production  and  load  are 
smoothed  in  comparison with  the  1‐hierarchical  level  case.  This  result  is  confirmed  in 
figure  10  that  plots,  for  both  hierarchical wind models,  the  number  of  occurrences  of 
differences between load and available production for the risky states recorded during the 
Monte Carlo simulation.  In that way,  it can be observed on the histogram collected with 
the 1‐hierarchical  level wind model more frequent (4 occurrences with the 1‐hierarchical 
level wind model  compared with  the  3  occurrences  of  the  2‐hierarchical wind model) 
occurrences  of  severe  differences  (larger  than  3  GW)  between  load  and  available 
production  (figure 10.a) during  the  recorded  risky  states. This  result confirms  thus  that, 
due to the smoothing  involved by the 2‐hierarchical wind model, those  large differences 
appear with a limited frequency in that case (figure 10.b). 
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Fig. 10. Distribution of the differences between available production and load during simulated risky state with 

the 1‐hierarchical level wind model (a) and the 2‐hierarchical level one (b) for a wind penetration of 20% 

  
In  conclusion,  the  proposed  2‐hierarchical  level  model  inside  a  larger  wind  cluster 

permits  secure  reliability  evaluations  if  probabilities  of  load  non  recovery  are  to  be 
studied.  This  new  stochastic model  is  also more  realistic  as  it  takes  into  account  the 
independency involved by the dispersion of wind sites inside the cluster. In that way, less 
severe  problematic  situations  of  load  non  recovery  are  computed  with  this  proposed 
model as a wind production smoothing is taken into account with this approach. That last 
result could be  interesting when network reinforcement  is to be studied. Therefore,  it  is 
believed that this proposed technique will assist system planners and transmission system 
operators  to qualitatively  assess  the  system  impact of wind production  and  to provide 
adequate  input  for  the  managerial  decision  process  in  presence  of  increased  wind 
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penetration.           
Moreover,  if  it  is  related  to  existing methodologies  based  on  sequential  time  series 

approach  for wind modeling  in adequacy studies  (taking  into account wind and classical 
production  in  the  generation  system)  [15],  [16],  the  proposed  method  considerably 
reduces  the need  in  computer  (processors)  resources, especially  if  compared with  [15]. 
Moreover,  the  introduced method of wind clustering proposes a sampling methodology 
that takes  into account the geographical dispersion of wind sites  inside a given territory. 
Consequently,  this methodology  could  be  easily  implemented  in  a  HLII  approach  that 
would  also  take  into  account  the  transmission  system  (and,  thus,  the  dispersion  of 
production  inputs).  Finally,  by  using  Monte  Carlo  simulation  techniques  in  place  of 
analytical approach described in [17], it is possible to simulate the random process of the 
generation system and  jointly  to evaluate  the  risk associated  to each simulated state of 
the  considered  HLI  approach.  As  a  prospect  for  the  future,  the  clustering  concept 
presented in section II.A could be completed by use of a grouping procedure based on the 
distance criterion proposed in [18]. However, note that, in reference [18], clusters had to 
be modified at each simulated hour as the distances between data were calculated on the 
basis  of  actual  hourly  productions.  Here,  the  proposed  methodology  presents  the 
advantage that clusters are defined by the use of probabilistic distributions and will thus 
stay  unchanged  during  the  entire  simulation  (one  single  computation  of  the  different 
clusters is thus needed in the present case).        

Conclusion 
In this paper, a clustering procedure has been developed for wind production in large 

scale HLI reliability studies. Applied to the Belgian case, this algorithm has shown that one 
single wind cluster was sufficient in Belgium. Inside this cluster and, based on a stochastic 
model developed for small scale generation systems [2], [3], a first 1-hierarchical level 
methodology (one single random number between [0, 1] sampled to determine the wind 
production inside the defined wind cluster) has been introduced into a Monte Carlo 
simulation. That model has confirmed reliability results already obtained in [2], [3] 
showing that the total independency between wind production and load was leading to the 
most secure evaluations in reliability studies. However, applied to a geographically large 
territory, that 1-hierarchical wind model needed to be completed. That operation has been 
done by introducing a 2-level wind model that took into account the independency between 
distributions inside the wind cluster. That proposed model has also been tested and led to 
more secure reliability indices than those computed with the 1-level wind model. Thanks to 
the use of the Monte Carlo simulation, the severities of the computed risky states have also 
been compared and have shown that the 2-level wind model was reducing those last ones 
due to the geographical smoothing implied by that model. Finally the proposed 
methodology could be interesting for network operators willing to introduce adequate wind 
production models in large scale HLII (integration of generation and transmission) 
reliability studies.    
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