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Abstract—As a matter of course, the unprecedented ascending
penetration of distributed energy resources, mainly harvesting re-
newable energies, is a direct consequence of environmental con-
cerns. This type of energy resource brings about more uncertain-
ties in power system operation and planning; consequently, it ne-
cessitates probabilistic analyses of the system performance. This
paper develops a new approach for probabilistic load flow (PLF)
evaluation using the unscented transformation (UT) method. The
UT method is recognized as a powerful approach in assessing sto-
chastic problems with/without correlated uncertain variables. The
capability of the UT method in modeling correlated uncertain vari-
ables is very appealing in the power system context, in which no-
ticeable inherent correlation exists. The salient features of the UT
method in probabilistic applications have been well proven in other
engineering aspects. Following adaptation of the UT method for the
PLF problem, three dimensionally different case studies are exam-
ined in order to inspect the performance of the proposed method-
ology. The obtained results are then compared with those of the
Monte Carlo simulation as well as two-point estimation method
with regards to both accuracy and execution time criteria.

Index Terms—Probabilistic load flow (PLF), uncertainty mod-
eling, unscented transformation (UT), wind turbine generator
(WTG).

NOMENCLATURE

The notations used throughout the paper are introduced below
for the quick reference.

Index of loads at each bus, running from 1 to
.

Index of generating units at each bus, running
from 1 to .

Index of buses, running from 1 to .

Index of samples, running from 1 to .

Number of uncertain variables.

Net active power injection at bus [p.u.].

Vector of loads’ active power [p.u.].

Vector of generators’ active power [p.u.].

WTG rated power [p.u.].
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The active power generation of slack bus
generator [p.u.].

Vector of DER’s active power [p.u.].

WTG’s output power [p.u.].

Covariance matrix of input variables.

Covariance matrix of output variables.

Vector of loads’ reactive power [p.u.].

Vector of generators’ reactive power [p.u.].

Vector of reactive power generation at PV
buses [p.u.].

Reactive power generation of slack bus
generator [p.u.].

Vector of DER’s reactive power generation
[p.u.].

Upper limit of reactive power of unit at PV bus
[p.u.].

Lower limit of reactive power of unit at PV bus
[p.u.].

Net reactive power injection at bus [p.u.].

Line flow between buses [p.u.].

Wind speed [m/sec].

Vector of buses’ voltage magnitude [p.u.].

Upper limit of voltage at PQ bus [p.u.].

Lower limit of voltage at PQ bus [p.u.].

Wind turbine cut-in speed [m/s].

Wind turbine cut-out speed [m/s].

Wind turbine rated speed [m/s].

Weight associated with the th sample point.

th sample point.

Vector of uncertain input variables.

Vector of mean value for input variables.

Vector of transformed sample point of .

Admittance between buses [p.u.].

Vector of uncertain output variables.

Vector of mean value for output variables.
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Scale factor of the UT method.

Mean value of normal distribution.

Mean value of output variable obtained by
MCS.

Standard deviation of normal distribution.

Standard deviation of output variable obtained
by MCS.

Vector of buses’ voltage angle [rad].

Voltage angle at bus [rad].

Angle of [rad].

I. INTRODUCTION

C OMPUTATION of power flows in the electrical power
system is among basic tools for both system operators and

planners. Deterministic load flow (LF) analysis compels spe-
cific quantities of loads, generations, and network conditions.
More and more uncertainties appear in worldwide power sys-
tems, mainly due to the restructuring paradigm on one hand
and the unprecedented utilization of uncertain renewable ener-
gies (REs) on the other. Particularly, the integration of a signifi-
cant amount of REs such as wind power into the power systems
brings about crucial operational challenges, which arise by un-
certainties associated with the REs. In such systems, determin-
istic LF evaluation cannot exactly disclose the state of system;
therefore, probabilistic analyses would be of a huge interest.
Probabilistic load flow (PLF) is becoming desirable in the power
system planning as well as in operation, since it intends to assess
bus voltages and line flows associated with the uncertain load
and generation conditions. This information gives practitioners
an appropriate insight over the system condition and provides
more assurance for decision making processes. Performing LF
for every possible or probable combination of loads, genera-
tions, and network topology is impractical or at least cumber-
some due to the extremely large computational effort needed. It
is therefore crucial to elaborate PLF methods with a tractable
computation burden and an acceptable level of accuracy.

In the literature survey, various sets of approaches have been
used for the uncertainty analysis of power systems. Probabilistic
techniques have been used since the early 1970s [1], where the
uncertainty in the system demand was first considered. These
methods can be classified into two categories: simulation and
analytical methods.

Monte Carlo simulation (MCS) is the widely used simulation
method. In [2], MCS was used to perform the PLF study of a
system with the wind integration. MCS is widely recognized as
a system-dimension independent approach; however, its execu-
tion might be rather time-consuming [3].

Analytical methods, whose efficiency and computational ef-
fort depend on the system dimension, would be more fruitful
for standard test beds or practical systems. In [4] and [5], the
combined Cumulant and Gram–Charlier expansion theory was
used for the PLF problem. In [4], the probability density func-
tion (PDF) of transmission line flows was determined and, in
[6], the inclusion of wind farms in AC-PLF was speculated.

Reference [7] employed a discrete frequency-domain convolu-
tion technique by applying fast Fourier transformation to re-
duce the computation time. In [8], fuzzy modeling has been uti-
lized for consideration of wind generation uncertainties in the
PLF problem. In [9] and [10], a new generic approach based on
the point estimation method (PEM) was developed for proba-
bilistic evaluations, which is applied to PLF evaluation in [11].
Two-point estimation method (2PEM), as a specific version of
PEM, was exploited for the probabilistic optimal power flow
study in [12]. The computation time associated with the PEM
and its various versions has either a proportional or an exponen-
tial relation in terms of the number of uncertain variables, and
this attribute may make them impractical in large-scale prob-
lems.

Moreover, the correlation between uncertain input variables
is an important issue in modern power system studies; hence,
the probabilistic methods that can inherently handle correlated
variables are of significant interest. Analytical methods are es-
tablished based on some mathematical assumptions and com-
plex algorithms. Linearization is often the common point among
these methods and it brings about the following shortcomings
[13] when applied to PLF analysis:

1) The Jacobian matrix must be computable in the lineariza-
tion. Unfortunately, its calculation may be a difficult and
error-prone process.

2) Linearization transformation would be reliable if the error
propagation can be well approximated by a linear function.

Thus, newly devised analytical methods for probabilistic non-
linear systems that bring the properties outlined here are of huge
interest:

1) good level of accuracy;
2) reasonable execution time for any problem;
3) easy to implement;
4) handle the correlated variables.
To effectively actualize these needs, a new method for non-

linear transformation of means and covariances of output vari-
ables in filters and estimators was proposed in [14]. Unscented
transformation (UT) is a novel proposition and has shown good
performance in nonlinear transformations and state estimators
[13]. It has found a variety of implementations in high-order
and nonlinear coupled systems, including navigation systems
for high-speed road vehicles [15], [16], public transportation
systems [17], data assimilation systems [18], underwater ve-
hicles [19], and power-systems state estimation [20], [21]. In
these applications, the UT method proves high accuracy levels
and is significantly faster than MCS approach. In [22], the au-
thors developed a sample point set selection procedure for the
UT method that captures the first eight moments of a symmetric
one-dimensional distribution using just five points. Among fea-
tures of UT method, the potential of modeling correlated uncer-
tain variables is appealing particularly where such an attribute
exists in the problem intrinsic [14].

The main contribution of this paper is to develop a new
methodology for PLF studies by modifying the UT method
applied to power systems, taking into account uncertainties as-
sociated with load and wind power generation. It is noteworthy
again that the UT method has proven high accuracy levels in
other applications; here, the main intention is to interrogate its
application in the PLF study. To do this, the uncertainties are
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first modeled with appropriate distribution functions; thereafter,
the proposed method is devised by adaptation of UT method to
the problem. In the following, the UT-based PLF methodology
is applied on the test systems including six-bus, 118-bus, and
real 574-node distribution systems. To ensure the effectiveness
of the proposed method as well as the correctness of the results,
the obtained results are compared with those associated with the
existing techniques with respect to both accuracy and execution
time points of view.

The remainder of this paper is organized as follows.
Section II briefly gives the LF and PLF formulation and intro-
duces some PLF methods. Section III describes the UT method.
In Section IV, the procedure of uncertainty modeling in the
PLF problem is given. Section V describes the case studies;
afterwards, the obtained results are validated in Section VI. The
concluding remarks will come in Section VII, and an Appendix
gives more technical data about the used wind turbines.

II. LOAD FLOW PROBLEM

LF computation is one of the essential tasks in the power
system operation. Here, we briefly recall the LF problem.

A. Load Flow Formulation

The LF problem has been formulated in several references,
e.g., [4]–[8], and will not be discussed in depth here. LF sub-
stantial equations are expressed as

(1)

(2)

(3)

(4)

Its inequality constraints include the maximum and minimum
allowable limits for bus voltages at PQ buses and reactive power
production of generating units at PV buses, given respectively
as

(5)

(6)

B. PLF Formulation

Power systems are inherently uncertain. To deal with proba-
bilistic data, appropriate probabilistic methods must be imple-
mented. Accordingly, the main goal of the PLF study is to de-
termine the state of the system as a function of uncertain input
variables. Indeed, when some of the input variables are uncer-
tain, (1)–(4) become probabilistic, which can be stated as

(7)

where, both and are random variables. Input vector is
written as

(8)

The input vector contains the load, the network conditions, the
states of generating units, and the power generated by the dis-
tributed energy resources (DERs) such as wind farms and solar
farms among others. The output vector is stated as

(9)

C. PLF Methods

As mentioned earlier, several methods for PLF study have
been developed in which MCS among simulation methods and
2PEM among analytical approaches are reviewed here in sum-
mary. MCS is a simulation approach that is found on using
random numbers and probability density function (PDF) of un-
certain parameters in order to solve the problems. Very often, it
is used when the model is complicated or nonlinear or involves
several uncertain parameters [3]. Although the MCS is able to
reach the accurate results, it is really time-consuming; therefore,
it is not as attractive in online applications or where other ap-
proaches work satisfactorily.

The 2PEM decomposes (7) into several subproblems by
taking only two deterministic values of each uncertain vari-
able located on the two sides of its mean value [12]. The
deterministic LF is then run twice for each uncertain variable,
once for the value below the mean and once for the value
above the mean while keeping the other variables at their mean
values. Then, each set of selected sample points undergoes
the nonlinear function, here the LF, to obtain the transformed
sample points. It must be emphasized that, in this method, the
number of selected sample points increases as the number of
uncertain variables increases. The original 2PEM is unable to
cope with correlated variables because it has an underlying
assumption that all input variables are independent [12], [23].
A modified version of PEM, which uses a rotational trans-
formation based on the eigenvector of covariance matrix, can
tackle the correlated variables [10]. This approach requires
further mathematical burden that could be cumbersome or even
inapplicable in ill-conditioned situations. In contrast, the UT
method can inherently handle the correlated variables.

III. UT METHOD

The UT method was developed to overcome the demerits as-
sociated with linearization process techniques. Moreover, easy
coding and simplicity are some of its supremacies, which have
caused several extensions of the method to appear. These ex-
tensions have been applied to different uncertain problems and
have shown satisfactory performances [13]. The UT is a reli-
able method for calculating the statistics of output random vari-
ables undergoing a set of nonlinear transformations. It takes ad-
vantage of the fact that it is easier to approximate a probability
distribution than an arbitrary nonlinear function [14]. The heart
of the method lies in how to produce appropriate samples of
input variables that can maintain sufficient information about
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the input variable’s PDF. Suppose that is a vector of -di-
mensional random variables with mean and covariance

. The other random variable relates to through a non-
linear function similar to (7), where can be a set of nonlinear
functions. With the UT method, the mean and covariance of the
output variable and can be obtained through the fol-
lowing steps [13].
Step 1) Use

(10)

(11)

(12)

to obtain samples or sample points.
Step 2) Use

(13)

(14)

(15)

to calculate the weight associated with each . It
should be stressed that the associated weights must
meet the following condition:

(16)

In (11) and (12), is
the th row or column of matrix square root of

. The matrix square root of
positive definite matrix means that there is a
matrix such that . It should
be calculated using numerically efficient and stable
methods such as the Cholesky decomposition [13].
Here, is the weight associated with the point

, named by zeroth point. It controls the
location of other points around the mean value of

[13].
Step 3) Feed each sample point to the nonlinear function to

yield a set of transformed sample points as

(17)

It must be emphasized that in the UT method, the
nonlinear function is considered as a black box;
hence, no simplification or linearization is essential.
Fig. 1 shows this procedure.

Step 4) calculate the mean and covariance of output variable
respectively using

(18)

(19)

Fig. 1. Principle of the UT method, step 3) [13].

The UT method has two exceptional features. First, the sample
points are not selected randomly; they are chosen in a way that
they will have a predefined mean and covariance. Second, the
associated weights on the selected points do not have to be in
the range [0, 1]; they can have positive or negative values but
to provide an unbiased estimate, they must meet the situation of
(16) for which the sum of all associated weights must be equal
to unity [13]. It is clear that the basic UT algorithm is essentially
very simple and easy to apply. For more details and extensions
of the UT method, interested readers are referred to [13].

IV. UNCERTAINTY IN LF PROBLEM

A. Uncertain Parameters

Hastening the power industry restructuring along with the
unrivaled advancement of new technologies during the last
decades, the importance of LF for power system planning
and operation has been considerably intensified. However,
many random distortions or uncertain factors exist during
the power system operation arisen from measurement errors,
forecasting errors, variation of system variables, or outage of
system elements which can impose errors in the LF solutions
if deterministic data are used. Though power systems are faced
with a variety of uncertainties, this work mostly concentrates
on uncertainties associated with the load and wind power
generation uncertainties.

B. Uncertainty Modeling

One of the most conspicuous power system uncertainties
arises from the load-level ambiguity in each instant. It fluctuates
as a function of time, season, weather conditions, and electricity
price, to name a few. For the load uncertainty modeling, it is a
frequently used practice to describe the load uncertainty with
a normal distribution function whose parameters are obtained
based on the historical data [24], [25]. However, extended
versions of UT method have been developed which are able
to handle other sorts of the probability distribution functions
[13]. Here, the loads are modeled through a normal distribu-
tion functions with mean values equal to the base loads, and
standard deviations equal to a specific percentage of the mean
values [26]. Meanwhile, as another uncertain factor, some
buses are assumed to have integrated wind farms with uncertain
output powers. Wind speed varies both in time and place, and
its uncertainty is commonly modeled either by a normal or a
Weibull PDF [27]. In this paper, for the sake of simplicity, the
wind speed is modeled by a normal PDF, while other function
could be applied in a similar manner.

For the WTG’s output power uncertainty modeling, the wind
speed samples are generated by (10)–(12). Then, the generated
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TABLE I
WIND FARM INFORMATION—CASE STUDY 1

wind speed samples are transformed to wind turbine output
power using wind speed-power curve expressed as

if
if
if

(20)

One of the widely used approaches for modeling the wind farms
in steady-state power flow studies is to assume their genera-
tions as negative loads with constant power factors [28]. This
approach, although it neglects the control systems of these gen-
erations, can represent their uncertainties as well. Hence, the
wind farm output powers are modeled here as negative uncer-
tain loads in the corresponding bus (in this study, it is assumed
that the wind farm power factor is kept at 0.85 lag).

V. CASE STUDIES

To demonstrate the effectiveness of the proposed PLF
method, three dimensionally different case studies, namely the
Wood & Wollenberg six-bus test system, the IEEE 118-bus test
system, and a realistic 574-node distribution system, are nu-
merically studied using the UT method; thereafter, the obtained
results are presented and discussed. The proposed method was
implemented on a Dell Inspiron 1420 system with a 2-GHz
processor and 2-GB of RAM using MATLAB optimization
toolbox [29].

A. Wood and Woollenberg Six-Bus System

This system has six buses, three generating units, and 11
transmission lines. Technical data of this system was taken from
[30]. PLF of this system is studied assuming that the system load
is normally distributed with mean value equal to the quantities
declared in [30] and standard deviation equal to 5% of the mean
values. The number of uncertain variables in this case study is
equal to 4. This is a simple case study in which while correct-
ness of the results can be confirmed intuitively, some important
features of the method can be revealed. In this case study, two
subcases are defined and the results obtained for each case are
elucidated in detail.

The Base Case: Uncorrelated Variables: In the base case,
two situations of without and with wind generation are studied
where in the latter, the wind farm is connected to Bus 4. Table I
outlines the data associated with this wind farm including the
number of WTGs and the data related to the wind speed at the
given area. More detailed technical data for the wind turbines is
given in the Appendix.

Table II presents the mean value and standard deviation of
PLF output variables in both situations of without/with wind
generation. Table II exemplifies that, with the DER placement,
the mean value of total active losses is declined, but its STD is
increased. The decrement in the losses mean value is caused by
load reduction, since the wind farm is modeled as an uncertain

TABLE II
OBTAINED RESULTS BY UT METHOD—BASE CASE

negative load. This conclusion is not a general observation and
depends on the system characteristics and where the wind farm
is connected to the system. The increment in the STD value of
losses is due to the uncertainty of wind farm power generation.
It is obvious that the STD of powers transmitted through all
lines has been increased in comparison to absence of wind farm.
However, the two lines connected to bus 4, i.e., lines 2–4 and
4–5, experience more increase in the STD. In case of voltages,
STD of bus voltages at buses 1, 2, 3 are zero, inasmuch bus 1 is
the slack bus and buses 2, 3 are PV buses at which the voltage
values are regulated at specific values. The voltage at bus 4 has
the largest STD since it is the wind farm integration point.

Case 1: Correlated Variables: The uncertainty and correla-
tion of load values, which might have a great impact on the
system analysis, always exist in real power systems [26]. The
load correlation is mainly due to the fact that some factors, e.g.,
weather conditions, affect large sets of consumers in a same way
[12]. When a system has uncertain variables, predicting its fine
behavior may be a difficult task. This difficulty intensifies when
these variables are dependent on each other in addition to their
uncertainty. In other words, they are correlated uncertain vari-
ables. Hence, probabilistic methods that can handle correlated
variables are of huge interest. The correlation between variables
may have either positive or negative values. Suppose that the
loads in the simple case study are correlated to each other by a
correlation coefficient of . Assume also that the wind farm
power generation at bus 4 is correlated to the load connected to
the same bus by a correlation coefficient of 0.25. Under these
conditions, the system PLF results are shown in Table III.

Comparing the results of Table III with those of Table II
shows that the STD of all uncertain output parameters, except
for , has increased as a consequence of correlation between
the uncertain input variables. This observation is justified owing
to the fact that, when there is no correlation among uncertain
load values, it is likely that their random variations compensate
for each other. However, having load quantities with a positive
correlation, the occurrence of such compensation becomes less
resulting in more variations in the system parameters. The neg-
ative correlation has a contrary outcome. For example, the STD
of reduces in Case 1 comparing with that of the base case
which is due to the negative correlation of wind generation and
load located at bus 4.
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TABLE III
OBTAINED RESULTS BY UT METHOD—CASE 1

TABLE IV
WIND FARMS INFORMATION—BASE CASE

B. IEEE 118-Bus Test System

This system has 118 buses, 186 transmission lines, and 54
generating units [29]. The system loads are assumed to have
normal PDF with mean values equal to the base loads and stan-
dard deviations equal to 5% of the mean values. The number of
uncertain variables in this case study is equal to 103.

Base Case: Uncorrelated Variables: Assume that the base
case includes four wind farms whose information are given in
Table IV.

Table V outlines the results obtained by the UT method ap-
plied in the PLF study. In this table, the line flows with STD
values greater than 7 MW and the voltage of buses with STD
values greater than 0.0015 p.u. are given. Taking into account
the results shown in Table V and the system topology [30], it can
be concluded that the existence of wind farms in certain buses
brings about more uncertainties in those areas and their neigh-
borhood. As shown in Table V, the STD of voltage in buses with
wind farms and in their nearby buses is higher than that of the
others.

In Table V, the negative values for line power flows indicate
the reverse direction of power flows. Surprisingly, according to
this table, the STD value for power flow from some transmission
lines such as line 77–82 is even larger than the mean value.
The reason is that, in some situations, the power transmitted
through these lines has positive values, while in other situations
the power transmitted through the lines has reverse direction
due to the low wind generation and high load level at bus 82,
in which a wind farm is placed.

Case 1: Correlated Wind Farms: The wind speed around
nearby wind farms can be strongly correlated. Assume a case
in which the wind farms introduced in Table IV are located at
close buses 81, 82, 95, and 96, respectively, and their genera-
tions are thus correlated to each other. The powers generated by

TABLE V
OBTAINED RESULTS BY UT METHOD—BASE CASE

TABLE VI
OBTAINED RESULTS BY UT METHOD—CASE 1

these wind farms are assumed to be correlated to each other by
a correlation coefficient about 0.5. Table VI outlines the PLF
study results obtained by the UT method. Again, the line flows
with STD greater than 7 MW and the bus voltage with STD
greater than 0.0015 p.u. are given. It can be seen that the corre-
lation between uncertain variables in a specific area causes the
uncertainties of variables associated with that area to increase.
Moreover, the mean value of losses is heightened due to increase
in line flows connecting these four buses to the rest of system.

Fig. 2 portrays the STD of bus voltages at the network in this
circumstance. It proves that the integration of a set of correlated
uncertain DERs in a given area would drastically influence the
associated parameters since the strong correlation exists.

C. Realistic 574-Node Distribution System

The system depicted in Fig. 3 is a French urban distribution
network at 20 kV. It has 574 nodes, 573 branches with the total
length of 52.18 km, and 180 load points. The network is only fed
through one substation. Detailed data of this network is available
in [31] and [32]. This network is examined here to demonstrate
the performance of the UT method in distribution networks and
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Fig. 2. STD of bus voltages.

Fig. 3. Realistic 574-node distribution system.

TABLE VII
WIND FARMS INFORMATION—BASE CASE

TABLE VIII
OBTAINED RESULTS—BASE CASE

in large-scale systems. For the sake of comparison, the results
obtained by MCS and 2PEM are given as well.

Base Case: Uncorrelated Variables: Here, it is assumed that
the distribution network consists of two wind farms whose data
are given in Table VII. The wind turbines have the same charac-
teristics given in Table XIV but their rated power is assumed to

TABLE IX
OBTAINED RESULTS—CASE 1

Fig. 4. Convergence of MCS results—base case of 574-node system.

be 0.5 MW. The load uncertainty is modeled as before with 5%
STD. The statistics of output parameters including the power
absorbed from the upper level grid, i.e., , and the total
active losses, i.e., , are obtained by all MCS, 2PEM,
and UT methods and shown in Table VIII. As can be seen, the
UT method outperforms the 2PEM from the accuracy viewpoint
in this case study.

Case 1: Correlated Variables: Assume that load points of
the network under study are correlated to each other by a co-
efficient factor of and the generated power of wind farms
are correlated to each other by a correlation coefficient of .
Performing the PLF study for this case study leads to the results
outlined in Table IX. A comparison of Tables VIII and IX shows
that the STD of output variables has increased drastically as a
result of correlation between uncertain variables; however, such
an observation does not hold for the mean values. Table IX re-
veals that the proposed UT method has an acceptable accuracy
even when the input variables are correlated.

VI. COMPARISON WITH OTHER TECHNIQUES

To interrogate the effectiveness of the UT method, its results
are compared with those of MCS and 2PEM techniques with
regards to both accuracy and execution time. To do this, the
mean and the STD value of output variables obtained by the
2PEM and UT methods are compared with those of the MCS
which are considered as the most accurate and benchmark.

As the MCS is used just for the accuracy comparison aim, no
attempt has been carried to reach the optimal number of MCS
samples. By convention, 3000 samples were chosen here and in
order to assure the accuracy of MCS results with this number of
simulations, the STD of obtained results in the last successive
simulations is checked to be trivial. As an instance, Fig. 4 illus-
trates the convergence of MCS results for the mean and STD
values of the total network losses in the base case of 574-node
distribution system. Obviously, a 3000-sample MCS is accurate
enough to be the comparison benchmark.
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TABLE X
RUN TIME COMPARISON—ALL SYSTEMS

TABLE XI
ACCURACY COMPARISON FOR THE BASE CASE OF SIX-BUS SYSTEM

TABLE XII
ACCURACY COMPARISON FOR THE BASE CASE OF 574-BUS SYSTEM

TABLE XIII
ACCURACY COMPARISON FOR CASE 1 OF 574-NODE SYSTEM

Associated with each UT and 2PEM techniques, the errors
for the mean value and the STD are, respectively, defined as

% (21)

% (22)

Tables X–XIII summarize the results of the preceding case
studies from the viewpoint of run time and accuracy. Note that,
in order to compare the accuracy of the UT method with that
of the 2PEM method, the corresponding errors of the 2PEM are
also given.

Based on Table X, it is concluded that the computational
burden associated with the UT method is almost the same as that
of the 2PEM. Hence, both 2PEM and UT methods significantly
reduce the execution time of PLF analysis compared to the MCS
method. Note that the small difference between the run times of
UT and 2PEM is due to some preliminary matrix computations

in the UT method. However, this process is very fast and is to
be conducted just once for each system. Owing to the fact that
the original 2PEM cannot handle the correlated variables, one
can recognize the UT method as a superior alternative.

It can be seen from Table XI that, for the first case study, the
2PEM has the maximum error of 2.93% in the mean value while
it is 5.25% for the UT method. Thus, in the six-bus system, the
2PEM method is more accurate. However, this is not a general
observation because with the increase of problem dimension,
the accuracy of the 2PEM degrades. In large systems with many
uncertain variables, the 2PEM does not perform well and this
matter is intensified in the case of STD predictions [12].

To evaluate the performance of the UT method in real-size
networks, Tables XII and XIII present the error metrics in both
case studies of 574-node distribution system.

Referring to Table XII, it is verified that the quality of 2PEM
results, particularly STD values, declines as the number of un-
certain variables increases. However, the proposed UT method
preserves its accuracy in such a case.

Since 2PEM is not applicable in the case with correlation,
the error metrics of 2PEM in Table XIII are calculated based on
the base case. This comparison shows that a method which pre-
serves the correlation in the input variables, e.g., the proposed
UT method, yields much better results for the output variables,
especially in terms of STD values.

Based on the above observations, the UT method can surely
be used in PLF studies of real-size systems where many uncer-
tain variables with various correlation levels exist. Its accuracy
lies within an acceptable range even with the increase of the
system dimension. Note that the inaccuracy observed in case
studies is the expense we have to pay against having a faster al-
gorithm.

VII. CONCLUSION

In this paper, a new approach for the power system’s PLF
studies was proposed by adaptation of the UT method. The new
proposed method neither suffers from deficiencies associated
with linearization-based methods nor is it limited by taking into
account the correlation between uncertain input variables. The
computational burden of the UT-based PLF model is almost the
same as that of the 2PEM, but usually lower than that of MCS.
This feature makes it applicable in real-size systems.

To inspect the performance of the method in the PLF studies,
three dimensionally different case studies have been examined.
The results were compared against the MCS results with regards
to both accuracy and execution time criteria. Based on the nu-
merical evidences, the effectiveness of the UT method in PLF
studies was validated. Additionally, it was shown that the exis-
tence of uncertain energy resources like wind turbines and also
the system load uncertainty can cause drastic changes in system
parameters; the severity of these changes depends on the degree
of uncertainties. The correlation between uncertain input vari-
ables can significantly influence the system parameters, such as
line flows. This matter can affect the system more and more
when the integration of a significant amount of correlated uncer-
tain variables are concentrated in a specific zone of the system.

The integration of REs to the network would increase the STD
of the system parameters, particularly those close to the REs’
integration points. Therefore, in order to maintain the system
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TABLE XIV
USED WIND TURBINE INFORMATION

security at the desired level, the penetration rate of uncertain
power generations like REs must be limited at each area or ef-
ficient compensating strategies such as more primary and sec-
ondary reserves should be procured.

APPENDIX

The technical data of used wind turbines in this study is taken
from the Nordex Company (turbine type: N100) and is presented
in Table XIV.1
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