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Abstract—Distributed generation-based islanded microgrids
lack a constant reference voltage node, making it difficult to
compute the power flows in the microgrid using traditional
power system analysis tools. In this work, we model the droop
equations that allow voltage and frequency regulation among the
distributed sources in the backward/forward sweep algorithm.
As a result, the system frequency is one of the unknown state
variables that has to be computed by power flow analysis. Since
the backward/forward sweep algorithm is primarily applied only
to radial distribution systems, the algorithm is then modified to
extend its applicability to weakly-meshed microgrid topologies.
The distributed generation units are modelled as solar generation
with their uncertainties defined by Beta distribution while the
load uncertainties are modelled using normal distribution. Finally, a stochastic islanded microgrid power flow tool is developed
using the polynomial chaos approximation technique.
Index Terms—Chaos function, Hermite polynomial, radial,
stochastic, weakly-meshed.

I. I NTRODUCTION

W

ITH the rapid growth of the renewable energy industry,
the trend of realizing small independent power systems
called microgrids is on the rise. Islanded microgrids based on
converter-based distributed generation (DG) systems do not
possess a fixed voltage reference node. In [1], the authors have
showed that the parallel operation of inverters in an isolated
system may be solved by modelling the droop relations
between the active power - frequency (Pf) and the reactive
power - voltage (Qv) relations. This results in the addition of
a new state variable: frequency, to the problem [2]. Power flow
analysis tools are employed to obtain the steady state variables
of a power system, which includes the system voltages and
frequency in the case of an islanded microgrid.
A. Deterministic Power Flow Analysis of Islanded Microgrids
Various established techniques such as Gauss-Seidel,
Newton-Raphson, and fast-decoupled methods may be employed to solve the power flow problem in well-meshed
transmission power systems. The Jacobian matrix may be illconditioned or singular for radial and weakly-meshed power
systems. Hence, derivative-based techniques may not serve as
reliable power flow analysis tools for microgrids. In [3], the
authors have developed a power flow analysis tool based on the
Newton trust region method for islanded microgrids (IMGs).
The droop equations of the microgrid have been incorporated
978-1-5386-4291-7/18/$31.00 c 2018 IEEE

into the power flow equations and solved using the NewtonRaphson power flow in [4]. However, this method is only
suited for a well-meshed microgrid and may result in singular
Jacobian matrices when applied to radial and weakly-meshed
microgrids [5].
In this paper, we apply a backward/forward sweep (BFS)
algorithm based on the direct approach described in [6]. The
method involves the formation of two simple matrices based
on the system topology: the nodal injection-nodal current
matrix (BIBC) and the nodal current-nodal voltage matrix
(BCBV), that eliminate the time-consuming decomposition
and the backward/forward substitution of the Y matrix in
the power flow algorithm. This step greatly simplifies the
computation steps in the algorithm and enhances its time
efficiency [6]. The inverter control is modelled by the droop
equations [1] and are incorporated in the BFS algorithm in
this work. Since the BFS algorithm is only suited for radial
distribution systems, it has to be modified for its applicability
to weakly-meshed microgrids. To facilitate this, we modify the
BIBC and BCBV matrices of the BFS algorithm.
B. Stochastic Power Flow Analysis of Islanded Microgrids
Stochastic factors such as the load and renewable generation
uncertainties may not be ignored as they become significant in
smaller power systems like the microgrids. Moreover, as the
microgrid operation is mainly dependent on DGs in IMGs,
their uncertainties will have to be taken into account in power
systems stability and security studies [7]. In this work, we
extended the BFS-based IMG power flow tool to work in the
stochastic domain, i.e. by modelling the uncertainties in the
system. The stochastic power flow analysis (SPFA) yields each
of the state variables and dependent variables of the system
as a probability density function (PDF). Probabilistic power
flow methods may be mainly classified into Monte Carlo
Simulation (MCS) [8], analytical methods such as cummulant
method (CM) [9] and approximation methods such as the ’2m’
and ’3m’ point estimate methods (PEMs) [10]. MCS requires
several thousands of deterministic power flow analysis (DPFA)
runs with random samples generated from the probability
distributions of the input variables to maintain a high accuracy
[8]. The CM uses cummulants of the input variables to
computes the cummulants of the state variables.
Series expansions such as the Gram-Charlier and CornishFisher series are used to obtain the PDFs of the state variables
in CM and PEM techniques [11]. The main limitation of using

and reactive power of the DGs at the rated frequency f 0 and
rated voltage Vi0 respectively.

the series expansions is that their convergence cannot always
be guaranteed [12]. In this work we utilize a polynomial chaos
expansion (PCE) based on the Hermite polynomials described
in [12] to approximate the deterministic BFS by a polynomial
stochastic surface. The principle of this method is that the
computationally intensive deterministic runs of the power flow
analysis may be replaced by a set of polynomial calculations,
thus reducing the computational complexity. As the number of
stochastic variables in the system increases, the computation
time of the MCS also increases exponentially. The computation time requirement for the same accuracy will be far lesser
than the MCS due to the polynomial approximation of the
stochastic response surface (SRS) method.

∆Pgi =

∆f
, ∀iεGen.
mPi

Si = Pli + Pg0i + ∆Pgi + j ∗ Qli + Q0gi + ∆Qgi

(2)


(3)

Step 4: The node current vector I may be calculated using
(4), where Si is the complex power injected into the ith node.
∗

Si
k
(4)
Ii =
V ik
Step 5: The branch current vector Ibranch may be computed
with the help of [BIBC] as shown in (5).

C. Paper Organization

Ibranch = [BIBC]Inode

Section II describes the BFS method with the additional
inverter droop control equations incorporated in them. Section
III presents the modification in the BFS matrices to extend
its applicability to both radial and weakly-meshed microgrids.
The stochastic variables of the microgrid are modelled to
formulate the SRS in section IV. Section V presents a kernel
density estimation technique from which the PDFs of the output variables are estimated along with the results obtained for a
33-bus microgrid. Section VI presents the overall contributions
of the work and its future scope.

(5)

[BIBC] may be formed offline, as it remains the same for
a specific system topology. The steps for the formation of
[BIBC] are given below:
1) Create a matrix of zeroes of size M ∗ N , where M is
the number of branches and N is the number of nodes
in the microgrid.
2) If the k th line is located between the ith node and the
j th node, copy the ith column to the v column of the
matrix and fill the element BIBC(k, j) with 1.
3) Repeat the previous step for each of the lines in the
radial microgrid.
Step 6: The reference node or node 1 is the gateway for
the excess or deficit power transfer. Thus the power traded at
the first node is indicative of the system frequency [5]. The
change in the system frequency according to (6).
"
!#
X
0
∗
∆f = −mP1 PL1 + PG1 + Re
V1 I1i
(6)

II. M ODIFIED BFS WITH D ROOP E QUATIONS FOR R ADIAL
M ICROGRIDS
For a microgrid operating in the grid-connected mode, the
BFS power flow does not pose any problem as there is a
stiff node that acts as a voltage reference. However, in the
islanded mode, both active and reactive powers are shared by
the generators according to their respective droop function,
which allows variation of the node voltages and the system
frequency. The state variable vector includes the nodal voltage
magnitudes, voltage angles, and the system frequency. They
are to be computed by the power flow algorithm as described
below.
Step 1: The entries of the nodal voltage vector V are
assumed to be 1 per unit and the frequency deviation from
the nominal value ∆f is assumed to be zero at the start. Steps
3 to 10 form the inner frequency droop control loop, while
the voltage of the reference node is adjusted according to the
reactive power imbalance in the outer voltage droop control
in step 2.
Step 2: The change in the DG reactive power is computed
by the reactive power - voltage (Qv) droop equation given by
(1).
|Vi | − 1
, ∀iεGen.
(1)
∆Qgi =
nQ i

iA1

Step 7: The system frequency is modified according to the
change in the frequency calculated in the previous step as in
(7). Equation (8) modifies the line impedance vector according
to the new frequency, where Xij is the line reactance at the
rated frequency.
f = f 0 + ∆f
(7)
Zij = Rij + jXij

f
f0

(8)

Step 8: Compute [BCBV ] and [∆V ] given by (9) and (10)
respectively, where Zbranch is the branch impedance vector
that changes with the system frequency.
[BCBV ] = [BIBC] ∗ diag(Zbranch )

(9)

∆V = [BCBV ]Ibranch

(10)

Step 9: Compute the updated nodal voltage of each node
except node 1, based on (11)

Step 3: The change in the DG active power is computed
by the active power - frequency (Pf) droop equation given
by (2). Based on the changes in the active and reactive
power calculated, the complex power injected at each node
is calculated by (3), where Pg0i and Q0gi are the rated active

Vi = V 0 − ∆Vi

(11)

Step 10: Repeat steps 3 to 9 until the node voltages converge
to a steady value. In this work, the tolerance criteria given by

2

(12) is checked between the last two successive iterations of
nodal voltage values. k indicates the current iteration number
of the inner loop.

min Vik − Vik−1 < , ∀i = 2, . . . , N
(12)

IV. S TOCHASTIC R ESPONSE S URFACE F ORMULATION
This section describes the transformation of the deterministic power flow analysis to the stochastic domain. The principle
used in this method is to formulate a polynomial surface representing the function of variation of each state variable in terms
of the stochastic input variables of the system [8]. Once the
stochastic polynomial response surface is formulated for each
response variable, it simply replaces the deterministic BFS by
the computation of a set of polynomials. The formulation of
SRS that represents the BFS is described in this section.
The stochastic input variables include the active power
generation of the DGs, active power, and reactive power
demands of the load. In this study, the IEEE 33-bus distribution
system is considered with five solar photovotaic DGs at nodes
1, 6, 13, 25, and 33 [13]. The photovoltaic generation is
influenced by the variation of the sunlight intensity which is
often described by the Beta distribution considering a short
time scale of hours or days [14]. From (19) we can infer that
if the solar irradiation is modelled by a Beta distribution, the
active power output of the PV system is also given by a Beta
distribution, where r is the solar irradiation; A is the area
of the battery; and η is the battery efficiency. The PDF of
the Beta distribution is given by (20). The Beta parameters
(a, b) and the maximum irradiation rmax are given by the
solar irradiation forecasts. Then the active power output of
the ith DG, Pgi , is given in (20) by replacing r and rmax
with P and Pmax respectively.

Step 11: The outer loop voltage droop control equations are
modelled in (13) and (14), where the voltage of the first node
is altered based on the reactive power trading of the node.
"
!#
X
0
0
∗
V1 I1i
∆V = −mQ1 QL1 + QG1 + Im
(13)
iA1


V0 = 1

...


T
1 1∗N − ∆V0

...

∆V0

T
1∗N

(14)

Step 12: If the voltage of the first node has not converged to
a steady value, repeat from step 2. The convergence of the first
node voltage can be checked by the tolerance criteria given in
(15) where p indicates the current iteration number of the outer
loop.


min V1p − V1p−1 < 
(15)
III. M ODIFICATION FOR W EAKLY- MESHED T OPOLOGIES
The matrices BIBC and BCBV that were described in
the last section will have to be modified for weakly-meshed
systems. High density load areas in the distribution system
are often the nodes that are involved in the meshed topologies
[6]. Normally open tie-switches may be closed on high-loading
periods of these nodes. The presence of meshes do not affect
the nodal current vector but increases the size of the branch
current vector. The tie branches that convert the system from
a radial to the weakly meshed system are identified separately.
The BIBC matrix formation steps are described in step 5
of the BFS algorithm in the previous section. Once the radial
system branches are added, the tie branches may be added to
the BIBC matrix. If the k th branch is a tie branch between
the ith node and the j th node, fill in the elements of the k th
column by subtracting the elements of the j th from the ith
column. Also, fill the element BIBC(k, k) with 1 [6]. The
BIBC matrix can thus be computed offline based on the system
topology.
The BCBV matrix may be obtained by the modified BIBC
matrix and the new line impedance vector appended with the
tie line impedances as shown in (9). For obtaining the change
in the nodal voltages, (10) may be replaced by (16), where
the BIBV matrix is given by (17) and (18). Except for the
changes in the matrix formations and (10), all other steps in
the algorithm are valid for weakly-meshed microgrids.
[∆V ] = [BIBV ][I]
"
#
A MT
[BCBV ][BIBC] =
M
N
[BIBV ] = [A − M T N −1 M ]

P = rAη

f (r) =

(19)

r α−1
r β−1
Γ(α + β)
(
)
(1 −
)
Γ(α)Γ(β) rmax
rmax

(20)

The load demand uncertainties are usually modelled by the
Normal distribution function, with the means µp and µq and
standard deviations σ2p and σ2q from the load forecasts. The
PDFs of the Normal distribution function is given by (21).
2

2

(Pl −µp )
(Ql −µq )
1
1
p
q
f (Pl ) = √
e 2σ2 ; f (Ql ) = √
e 2σ2
2πσp
2πσq

(21)

Consider the problem of formulation of a SRS for each output response variable y. The polynomial chaos function of the
output response variable in terms of the stochastic input vector
X may be written as shown in (22), where the X denotes the
vector of stochastic input variables as given in (23); n denotes
the number of stochastic input variables; the coefficients aji
denote the unknown coefficients of the polynomial that have
to be computed; and the Hm function denotes the Hermite
polynomial expansion of mth order. Hermite polynomials are
specifically used to represent the polynomial expansion when
each of the stochastic variable follows a standard Normal

(16)
(17)
(18)

3

Y1=H ∗A
(29)


2
1, x11 ..x1n , (x11 − 1).., (x11 x12 )..(x1(n−1)) x1n )

1, x ..x , (x2 − 1).., (x x )..(x
21
2n
21 22
2(n−1)) x2n )

21



....
H=




....


2
1, xr1 ..xrn , (xr1 − 1).., (xr1 xr2 )..(xr(n−1)) xrn )
(30)
Y 1 = [Y1 Y2 . . . Yna ]
(31)

distribution. The Hermite polynomial function is defined by
(24).
y = a0 +

n
X

j1
n X
X

aj1 H1 (x1 ) +

j1 =1

aj1 j2 H2 (x1 , x2 ) +

j1 =1 j2 =1
j1 X
j2
n X
X

aj1 j2 j3 H3 (x1 , x2 , x3 ) + . . . (22)

j1 =1 j2 =1 j3 =1

X = [x1 , x2 , . . . , xn ]T

(23)

The na different sets of the stochastic input samples are
known as the collocation points (CPs) and are used for the
response surface formulation. It is to be noted that the na linearly independent sets of stochastic input samples are required
to solve the unknown coefficients. The CPs will have to be
chosen carefully to ensure the correctness of the polynomial
model. In this work, we utilize the efficient CP selection
method for the standard Normal distribution proposed in [15].
The CPs are the most influencing sample points of the standard
Normal distribution that affect the stochastic variation of the
output response and are chosen according to the rules listed
below.
1) The sample points close to the origin are the most
preferred as it is the region of highest probability for
the standard Normal distribution.
2) The sample points picked must be symmetric with
respect to the origin to examine the response surface
variation with different directions [15].
3) Few random samples may be chosen to improve the
model robustness.
4) Samples from the region of very low probability are
generally avoided or restricted to one or two CPs [15].
The CPs chosen for the deterministic runs are in the
standard Normal distribution, whereas the stochastic inputs in
the BFS power flow problem follow the Beta and Normal
distribution. Thus, the collocation points chosen according
to [15] are converted to their respective distributions by the
transformation equation (32), where F (x) is the probability
density function of the Beta or Normal distribution for the
DG power outputs and the load powers respectively.


Z xi
2
1
−1
− t2
√
SVi = Fi
e
dt
(32)
2π −∞

T
1
∂n
e− 2 X X (24)
∂x1 ..∂xn
The higher the order of the Hermite polynomial expansion
considered, the higher is the accuracy of the stochastic model.
In this work, we consider a Hermite polynomial expansion
of the second order. Accordingly, (22) can be reduced to (25).
The total number of unknown coefficients to be computed for a
polynomial chaos expansion of the mth order with n stochastic
input variables is given by (26).
n
n
X
X
y = a0 +
aj1 xj1 +
aj1 j1 (x2j1 − 1) +
1

Hm (x1 , x2 , . . . , xn ) = (−1)m e 2 X

j1 =1

T

X

j1 =1
n
X

n
X

aj1 j2 xj1 xj2

(25)

j1 =1 j2 =j1 +1

(n + m)!
(26)
n!m!
It is to be noted that each of the desired output response
variable is modelled by a different polynomial. If Y represents
the vector of the desired response variables, then it may be
represented by (27), where r is the number of output responses
that require the formulation of polynomial approximation
models. Y may include the state variables such as the node
voltage magnitudes, node voltage angles, or other dependent
variables like the line flows, total active power loss, etc. Thus,
the unknown coefficient matrix for the entire Y vector may be
represented by A defined in (28).
In order to compute the na unknown coefficients for each
response y, na linearly independent equations are required.
They can be generated as in (29), where the H is the stochastic
input Hermite matrix defined in (30) and Y 1 is the overall
response matrix that can be filled with all the r response values
obtained from each of the na runs of the deterministic power
flow with na sets of samples of the stochastic input variables.
The Y 1 matrix may be formulated as shown in (31).
na =

Y = [y1 , y2 , . . . , yr ]T
a10
 [a1 , a1 , . . . , a1 ]T
 1 2
n
 1 1
[a11 , a22 , . . . , a1nn ]T


A =  [a112 , a113 , . . . , a11n ]T

 [a123 , . . . , a12n ]T


...

1
[a(n−1)(n) ]T


..
..
..
..
..
..
..

With the values of the stochastic variable samples SVi ,
the BFS deterministic power flow described in the previous
section is run na times with the different set of sample inputs.
Y 1 is filled with the values of the output variables after the
deterministic runs and the unknown coefficients are obtained
by solving (29). Thus, the approximate polynomial stochastic
response surface has been formulated and so, the deterministic
runs of the power flow may be replaced by the computation
of the set of polynomials.

(27)

ar0
r
r
[a1 , a2 , . . . , arn ]T 


r
r T
r
[a11 , a22 , . . . , ann ] 
[ar12 , ar13 , . . . , ar1n ]T 


[ar23 , . . . , ar2n ]T 



...

[ar(n−1)(n) ]T

(28)

A. Probability Density Estimation




Once the set of polynomial equivalents for the power flow
are obtained, similar to the ideal MCS technique, the response

4

Start
Run deterministic power
flow to obtain Yi

Input system data and
stochastic inputs

CPcount= CPcount+1

Collocation point (CP)
selection in the standard
normal domian

If CPcount  na
No

Compute H
from (30)

Yes

Fig. 2. Stochastic variation of node voltage magnitudes
No

If Rank  H   na
to ensure linearly
independent equations

Determine A by solving (29)
Generate random samples of Y
using the set of polynomials

Yes
Compute the statistical
parameter using (33-36)

Transform CPs to
stochastic samples by (32)

CPcount =1

Obtain the response PDFs
using the kernel density
estimation tool
Stop

Fig. 3. PDFs of DG node voltages

Fig. 1. Flowchart of the stochastic power flow tool

by the DGs are considered to be 0.9 and 0.6 p.u. [5]. The
system data along with the DG data may be obtained from [5].
The power flow analysis results obtained with this data, using
the droop-based BFS power flow described in section II is
presented in table I under the radial system column. Since the
power flow algorithm was modified to extend its applicability
to weakly-meshed topologies, we consider that the Normallyopen tie lines between nodes 8-21, 9-15, 12-22, 18-33, and
25-29 are closed. The line impedance data of the tie-lines
considered in this work may be obtained from [13]. The results
obtained from the generalized power flow algorithm is shown
in table I under the weakly-meshed system column.
Considering the DG active power outputs to be stochastic
variables that follow Beta distribution with parameters α and
β as 2.06 and 2.5 respectively; and the load active and reactive
powers to follow Normal distribution with mean values as that
of the original data and a standard deviation of 5% [12], the
SRS algorithm described in section IV is used to obtain the
probability distribution of the state and dependent variables of
the microgrid. The statistical parameters of the nodal voltage
magnitudes are obtained and plotted as a box diagram shown
in figure 2. Using the kernel density estimation tool of MATLAB, the PDFs of the voltage magnitudes of the DG buses is
plotted in 3. The accuracy and computation time comparison
between the MCS and the proposed method is presented in
table II. The comparison verifies that the stochastic response
surface method (SRSM) lessens the computational burden of
conventional stochastic computation, while maintaining the
accuracy of the MCS.

variables for a large number of random samples may be computed using the polynomial in a very less computation time
as shown in section V. Thus, the response surface formulation
reduces the computation time, while maintaining the accuracy
of the MCS. With the response variable outputs for a large
number of samples, the statistical parameters such as the mean,
variance, skewness, and kurtosis may be determined for each
response variable using (33), (34), (35), and (36) respectively.
µ(yi ) =

nsample
1 X
yij
r j=1

(33)

nsample
1 X
σ (yi ) =
(yij − µ(yij ))2
r j=1

(34)

nsample
X
1
γ1 (yi ) = 3
(yij − µ(yij ))3
rσ (yi ) j=1

(35)

nsample
X
1
(yij − µ(yij ))4
4
rσ (yi ) j=1

(36)

2

γ2 (yi ) =

The PDFs and CDFs of the response variable distributions
may be obtained using the kernel density estimation tool in
MATLAB from the obtained sample responses. The overall
flowchart of the steps involved in the stochastic power flow
tool is presented in figure 1.
V. S IMULATION R ESULTS AND I NFERENCES

VI. C ONCLUSION AND F UTURE S COPE

The IEEE 33-bus distribution system is considered as an
islanded microgrid with five DGs at nodes 1, 6, 13, 25, and
33 with droop coefficients -0.05, -1, -0.1, -1, and -0.2 p.u.
respectively. The nominal active and reactive power generated

In this work, a stochastic droop-based BFS power flow
analysis tool has been developed specifically for the IMGs,
which include both radial and weakly-meshed grid topologies.
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TABLE I
33- BUS M ICROGRID - D ROOP - BASED BFS P OWER F LOW R ESULTS
Node
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
1
6
13
25
33

Radial System
|V | in p.u.
δ in deg
0.9964
0.0000
0.9972
0.0047
1.0000
0.0270
1.0009
0.0137
1.0013
0.0024
1.0022
-0.0150
1.0026
0.0331
1.0026
0.0522
1.0008
0.0679
0.9984
0.0761
0.9980
0.0838
0.9970
0.1006
0.9914
0.0790
0.9935
0.1465
0.9948
0.1786
0.9960
0.1984
0.9979
0.2634
0.9985
0.2714
0.9978
0.0155
1.0013
0.0819
1.0020
0.1009
1.0026
0.1208
1.0013
0.0752
1.0030
0.1789
1.0016
0.2405
1.0029
-0.0420
1.0037
-0.0804
1.0074
-0.2041
1.0097
-0.3070
1.0102
-0.3761
1.0075
-0.3759
1.0061
-0.3917
1.0036
-0.4542
Pg in p.u.
Qg in p.u.
2.4641
0.9728
0.9782
0.8978
1.6821
0.9858
0.9782
0.8984
1.2910
0.8820
Ploss in p.u. Qloss in p.u.
0.0364
0.0368

TABLE II
C OMPARISON OF THE P ERFORMANCE OF SRSM AND MCS
Ideal accuracy - MCS nsample = 20000
Method
Maximum error in %
CPU time (s)
SRSM nsample = 10000
0.23
1.5543
SRSM nsample = 20000
0.09
4.1527
MCS nsample = 10000
0.15
95.1728

Weakly-Meshed System
|V | in p.u.
δ in deg
0.9980
0.0000
0.9989
0.0053
1.0018
0.0175
1.0028
0.0308
1.0035
0.0472
1.0051
0.0900
1.0050
0.1431
1.0046
0.1478
1.0021
0.1293
0.9996
0.0490
0.9992
0.0430
0.9983
0.0334
0.9919
-0.0414
0.9935
0.0007
0.9945
0.0063
0.9951
0.0324
0.9957
0.1351
0.9957
0.1507
0.9994
0.0217
1.0029
0.1385
1.0036
0.1731
1.0042
0.2431
1.0027
0.0220
1.0037
0.0372
1.0015
0.0108
1.0060
0.0812
1.0071
0.0684
1.0127
0.0340
1.0166
-0.0011
1.0175
-0.0718
1.0157
-0.0921
1.0147
-0.1160
1.0125
-0.1910
Pg in p.u.
Qg in p.u.
2.4701
0.9402
0.9785
0.8949
1.6851
0.9813
0.9785
0.8985
1.2925
0.8373
Ploss in p.u.
Qloss in p.u.
0.0253
0.0468
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The uncertainties of the renewable generation and the loads
have been modelled and accounted for in the analysis. The
proposed tool has been validated against the ideal MCS. It has
been verified that the computational efficiency has improved
while retaining the accuracy of the power flow results. This
tool can find applications in solving computationally complex
power system analysis problems like contingency analysis,
security-constrained optimal power flow and stability analysis
in the stochastic domain. The correlation between the stochastic variables will be modelled in the future version of the
tool. The performance of the SRS algorithm may be compared
with other analytical methods like the cummulant and PEM
methods in terms of accuracy and computational efficiency.
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