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Abstract — This paper proposes an alternative method to evaluate the effect of wind power to the
power system stability with small disturbance. Alternatively, available techniques for stability analysis
of a power system based on deterministic methods are less accurate for high penetration of wind
power. Numerical simulations of random behaviors are computationally expensive. A stochastic
stability index (SS7) is proposed for the power system stability evaluation based on the theory of
stochastic stability and energy function, specifically the stochastic derivative of the relative well-
defined energy function and the critical energy. The SS/ is implemented on the modified nine-bus
system including wind turbines under different conditions. A doubly-fed induction generator (DFIG)
wind turbine is characterized and modeled using measured wind data from several sites in Thailand.
Each of the obtained wind power data is analyzed. The wind power effect is modeled considering the
aggregated effect of wind turbines. With the proposed method, the system behavior is properly
predicted and the stability is quantitatively evaluated with less computational effort compared with
conventional numerical simulation methods.
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1. Introduction

The impacts of wind energy generation on the power
system are of increasing concerned due to a continual
increase of wind energy penetration in many countries,
passing the empirical acceptable level of 20% [1]. The
cumulative wind power capacity grows by an average of
22% annually since 2001 and reaches 486.8 GW worldwide
at the end of 2016 [2]. The onshore wind turbine technology
with the most market share to date is the doubly-fed
induction generator (DFIG) with a share of more than 50%
[3]. The escalation of wind power penetration presents a
risk on the power system stability due to random nature
of the wind power. This raises the importance of the
power system stability analysis with the methods that can
accurately capture the random characteristics of wind
power.

In typical small disturbance analyses, deterministic
methods, such as eigenvalue analysis, have been used in
the small signal stability analysis of power systems
incorporating wind power [4, 5], and [6]. These methods
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employ the linearization technique to approximate nonlinear
characteristics of the system. However, this method is less
accurate for the large variation of loads and intermittent
sources. Since the wind power is a stochastic process,
analyses based on deterministic approaches may result in a
possible misdetection of instability due to the inability to
properly capture the random behavior of the wind power
[7]. There have been many attempts to include the
probabilistic characteristics in the stability analysis [7, 8],
and [9]. To find the statistics of eigenvalues, the sensitivity
of eigenvalues with respect to wind power has to be
numerically determined. Nonetheless, these methods
assume sufficiently small disturbance such that the system
may be described by a set of linear equations and the non-
linear effects are neglected. A probabilistic method such
as Monte Carlo simulation has been applied to study the
characteristic of the power system [10-12], and [13].
Stochastic differential algebraic equations are also used.
This technique combines the numerical integration and
Monte Carlo simulation for stability analysis of the power
system [14] and [15]. Even though the random effects have
been captured in transient stability analysis, they however
are computationally expensive.

Alternatively, the stochastic techniques, such as in [16,
17], and [18], have been developed and applied for power
systems and power electronics stability analysis. The mean
first passage time is proposed as a performance index to
evaluate the stability of the system [19]. This technique is
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Fig. 1. SSI computational process

based on a simplified (quadratic) energy function and
successfully applied with power systems with synchronous
machines. There has been a study of the effect of induction
generator wind turbine using stochastic stability index
(SSI) with a simplified induction generator model [20]. To
properly address the DFIG, this paper studies the effects of
stochastic wind power to the power system stability using
an improved SSI which is a relative stability index. A
simplified model of DFIG wind turbine is used in the
stability analysis with the standard three-machine, nine-bus
power system [21]. A sample of measured wind data in
Thailand is first examined for the SS7 evaluation. The SS7
computational process can be summarized as shown in Fig.
1. The wind speed and turbine data are used with the wind
power modeling to obtain the mean and standard deviation
values of the wind power. Then the power flow calculation
is performed using the mean wind power along with
other network conditions. The state variables are used to
determine the critical energy. The SS/ is computed using
the critical energy, state variables at test conditions,
along with the mean and standard deviation values of
wind power.

The paper is organized as follows: Section 2 describes
the wind power characteristics. Section 3 explains the wind
power and power system models. Section 4 discusses the
concept of stochastic stability analysis and the proposed
method. The SS/ computation results of the nine-bus
standard test system are provided in section 5. Finally, the
conclusion is given in section 6.

2. Characteristics of Wind Power

The wind power characteristics are studied in this
section. With a measurement station setup, the wind data
have been collected and analyzed. To characterize the
wind power, an appropriate model is chosen to accurately
describe the effects of wind power on the power system.

2.1 Wind power components

The dynamics of wind speed consist of two main
components, the slow variation component with spectral
ranges between 10 hours and several months, and the
turbulence components with spectral ranges from 1 second
to 10 minutes [22]. The slow variation wind component is
influenced by the diurnal and seasonal meteorological
effects and can be modeled statistically using Weibull
distributions. The turbulence component can be modeled as
a zero mean random process [23]. As a consequence, the
wind power also consists of slow variation and fast
variation components. The slow variations of wind power
(P,,) are influenced by the slow variation component of
wind speed. The fast variations are influenced by the
turbulence of wind speed and the dynamics of wind
turbines. The decomposition of fast variations wind power
(P, are the low frequency component (frequencies up to
0.5Hz) relating to the turbulence wind speed and the high
frequency (frequencies above 0.5Hz) component relating to
the dynamics of wind turbine [24]. The contribution of low
frequency wind power variations (P,,;) is about 16 — 22%
of the rated capacity. The high frequency component (P,,;,)
is only about 2% [24]. Therefore, the effect of high
frequency power variation is essentially negligible.

The wind power (P,) can be expressed as,

P,=P,+P,~P, +P, (1)

2.2 Measurement of wind data

A collection of wind speed data has been obtained from
7 wind monitoring stations in various regions of Thailand,
6 stations (S1 to S6) with 90-meter height located in the
Northeastern Thailand and another station (S7) with 120-
meter height located in Bangkok as shown in Fig. 2. The
siting locations are chosen based on the wind power
potential. The wind turbines are located at the same place
as the wind monitoring stations. The wind power is then
calculated using the sampled wind speed data and the
power curve of the 2.3 MW Siemens SWT2.3-101 wind
turbine, commonly found DFIG wind turbines installed in
Northeastern Thailand. Fig. 3 shows sampled data of wind
speed and power at 120-meter height obtained from the S7
wind monitoring station in Bangkok. The wind speed is
measured every second while the hourly data is evaluated
from the averaged values of the measured wind speed data.
It can be seen that the hourly average wind speed and wind
power (slow wind power variation or P,,) are modulated
by the 1-second wind speed and wind power (fast wind
power variation or P,), respectively. The contribution of
the P, is mainly from a turbulence of wind speed which
can be approximated by using the zero-mean normal
distribution [25]. The data distributions of 6 equivalent
wind turbines are illustrated in Fig. 4. The sum of 6
geographically distributed wind turbines is shown in Fig. 5.
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Fig. 3. Sampled data of 1-second (1sec) and hourly (1h)
wind speed (WS) and wind power (WP) at the S7
station
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Fig. 4. Histogram of wind power variation of 6 equivalent
wind turbines with zero mean Laplace distribution

Each wind turbine is an equivalent representative of a
wind farm. The fast wind power variations can be
characterized by the zero mean Laplace distribution [26] as
shown in Fig. 4. The total effect of 6 geographically
distributed wind turbines is comparable with normal
distribution data (red line) as shown in Fig. 5. To verify
this assumption, the hypothesis for normal distribution of
wind power variation data is tested using the Kolmogorov-
Smirnov hypothesis test method [27] with significance
level at 0.05 (excluding calm winds). The Kolmogorov-
Smirnov test evaluates the null hypothesis that the data
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Table 1. Kolmogorov-Smirnov hypothesis test results of 6
equivalent wind turbines and the total effect of all
turbines

Wind turbine station Significant level
Sl H
S2 H
S3 H
S4 H=
H
H
H

Meaning

Reject null hypothesis

S5
S6
Sum of S1 to S6

Accept null hypothesis

distribution of wind power variation is comparable to
normal distribution. The results in Table 1 indicate that
the Kolmogorov—Smirnov test accepts the null hypothesis
which means there is no significant difference between
the distribution of wind power variation and normal
distribution. Since there is no evidence to counter the
normal distribution hypothesis of the fast variation wind
power, the random effect of wind power of the
geographically distributed wind turbines is treated as a
Wiener process in this work.

The strength of the random perturbations inherent in the
wind power may be reflected through noise intensity (¢,,)
which is defined as,

2

where o and 4 are standard deviation and mean values,
respectively.

The noise intensity depends mainly on local wind
characteristics and weathers. For example, the yearly noise
intensity of four wind power plants in USA during 2000 to
2010 varies as large as 0.8 to 1.0 [28]. In this study, it is
calculated from the hourly average wind power and its
standard deviation. An increase of noise intensity due to
higher standard deviation value implies that the wind
power is highly fluctuated and is subjected to power
system instability. The higher noise intensity, the greater
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variation of the wind power as given in (2).

Statistical data of the total effect of 6 geographically
distributed wind turbines and equivalent wind turbine
(Station S3) are shown in Fig. 6 and 7, respectively. In Fig.
6, at the noise intensity higher than 0.5, most of the wind
power values are lower than 0.2 p.u. and decreased as the
wind power increases. The noise intensity in Fig. 7 is rather
scattered and greater than those in Fig. 6 for the same value
of wind power.

2.3 The wind power noise model

As mentioned earlier, the wind power (P,,) is composed
of the slow and fast variation components. The slow
variation part is assumed to be constant within a sustained
period, namely, one hour. The fast variation component can
be approximated with the zero-mean Gaussian distributed
white noise. The white noise is assumed in this study to
allow the inclusion of the actual spectral density in the
stochastic differential equations. The wind power is
represented by the per unit mechanical wind power (P,,,)
as the input of the generator. Therefore, the P, in (1) is
replaced by the P, and the P,, is replaced by P,,, and
can be stated as follows (over bar represents per unit
value):

mw I_)mws + mwl (3)
where P, is the slow variation component of P,,, and is
assumed constant. The P,,, is the low frequency variation
component of P, and is approximated with the zero-mean

Gaussian distributed white noise. The expression in (3)
becomes:

P, =P,

e (150,77 “@
where W is a zero-mean Gaussian distributed white noise
[19]. Therefore, the wind power characteristics and the
wind power noise model in (4) are used in wind power
modeling detailed in the next section.

3. Wind Power and Power System Modeling
3.1 DFIG wind turbines model

For the DFIG wind turbine, the stator is directly
connected to the grid while the rotor winding is connected
through the back-to-back converter for speed, torque, and
output voltage regulations [5] as shown in Fig. 8. The
converter is typically consisted of two AC/DC IGBT-based
voltage source converters (VSCs), linked through a DC bus
with DC capacitor (Cpc). When the generator operates in
super-synchronous mode, the power is delivered from the
rotor to the network through the converters. When the
generator operates in sub-synchronous mode, the rotor
absorbs power from the network through the converters [5].

The key component of the DFIG turbine is the speed-
torque characteristic which has direct effect on the
synchronizing stability. The rotor dynamic relation
between the torque balance and frequency deviation of the
DFIG are provided as follows [5]:

d(a)rw/a)sw)/dt:Aw;w :_S‘w :M; (ﬁmw_}_)ew) (5)
where the subscript w represents the DFIG wind turbines
and the over bar represents the per unit values.

The voltage deviation equation of DFIG in the x-y or
system reference axis can be represented in (6) which is
modified from [5, 29], and [30]. The rotor voltage (V,),
voltage behind transient reactance (E’), and stator current
(T,) are complex numbers.

E =T (B +j(X-X)L)-js.0F +jo VLI,

E =|Ee™, V=V, = V)™ (©)

Sz (oo )
| s

Fig. 8. DFIG wind turbine diagram
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Fig. 9. Simplified DFIG wind turbine model

Note that the last term of the first row in (6) is zeroed
out in the case of classical induction generators. The
derivative of E’ in (6) can be separated into the derivative
of |E’| and §,. The derivative of |E’| (or simply E’) is
sufficiently small and negligible and (6) becomes:

o —_ = ——r = . ' —_— (— — -l—
§W = _(X -X )(]Z)XEW) sz S 5W =8y Oy, 0 Ly, (erEw) qu
8, =k, +c, [20]

k, =0274P +0346, c, =-0.022P,  +0.006
(M

The other variables in (7) can be stated as follows:

V_vrq = Sw (kclg»:u + kaIZw cos 5;) + kp (7_;;; _I_DS:M ) + kw} (8)
T_Z'p ~ kopa);zw = kop (1 - Sw )2 and E; ~ kmﬁew/(l + Sw)

>
Il
|

m

2= a5, ~LJ,)(L /LX)
|

=& ((L,-B/L.)(/a.L,~L./L,%)+L, [a,L.

where k,,is very small compared with k, and negligible [5].

Therefore, the DFIG wind turbine model is simplified
and represented by the second-order model consisting of
two differential equations in (5) and (7) as represented in
Fig 9. In this figure, the rotor speed deviation (Aw,)
depends on the power imbalance between P,,, and P,,.
The rotor angle (§,) depends on the speed deviation, stator
voltage (V,,), and rotor voltage (7).

3.2 The power system equations

The power system in this study is the lossless structure
preserving model from [16] which consists of an n-bus
power system with m generator buses (p buses of DFIG
and m-p buses of synchronous generators) and n-m load
buses. The power system equations with wind turbine
models from (5) and (7) are given as follows:

M[ACT)[ :(Fmi_éi)_D[A_[ (10)
5[ :wo (a_)r__s):a)OAa_)[ (11)
M Ab, =(F,, ~F, (12)
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8, =w,A@, —k,V, sin(k,5, +c,)+ao k7,
( I (13)

k,=L,(L,E)", k =(¥-X)(LXE,)

ckék :_(ﬁlk ‘Haek)_cka)o (14)

B,=E, Y 7B,sin(s,-0,) (15)
j=lj#w

B,=7, Y 7,B,sin(6,-0,) (16)
J=Lj#i

P, =V, VB, sin(6, —9,) (17)
Jj=Lj#k

where @, can be replaced by ay. The subscript i, w, and &
represent synchronous generators, DFIGs wind turbine,
and load buses, respectively.

3.3 The perturbed-system model

To represent the dynamic perturbed system equations
[16], the following substitutions are made,

(18)
)

The mechanical power (P,,,) in (12) is replaced by (4),
the power system equations in (10) to (14) are rearranged
to become a standard diffusion process as follows:

. S
X; o, (¥, - ) 0
d xw (00 (yw_y0)+¢df (V,X) 0 dW
= @, (V,x) + — (19)
t 0 dr
Vi gol.(V,x)—ﬁ’,.yi P
V X) mwaw
_yw_ - ¢W( ’ - L M wo |

where f; = D/M;. The power system equations are used to
formulate the energy function and its derivative while the
standard diffusion process form is used to formulate the
stochastic energy function as in the following section.

4. Proposed Stochastic Stability Analysis
4.1 Stochastic stability

The energy function based on the direct method can
provide a quantitative measure of degree of power system
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stability without performing the time-consuming numerical
integration [31]. Therefore, the energy function is adopted
for power system stability evaluation in this work. The
energy function and critical energy are generally known for
the deterministic system but it is not the case for a
stochastic system. A rolling ball on a hill may be used to
illustrate trajectories of the system states as shown in Fig.
10. The grey ball represents a particular system operating
point. When the system is perturbed, the system states are
changed and the system energy is increased. Once the
system energy is greater than the critical energy, the system

essentially becomes unstable. Unlike deterministic systems,

the trajectories of states in the stochastic system are
random and not repeatable. Conventional deterministic
approaches in stability analysis may not be appropriate.
However, the boundaries of stability of both deterministic
and stochastic systems remain the same. It means that the
critical energy can be used as the boundary of the
stochastic system.

From the theory of stochastic stability, without
corrective action, the trajectories of any continuously
perturbed system will diverge from the origin to the
arbitrarily large distances with probability one in finite
time even under an influence of small perturbation [19].
Thus the principle of the stochastic stability is to estimate
the energy that the system may reach compared with the
system energy at the boundary of the stable region. Since
the trajectories of states are random, the system energy
function is used to formulate the stochastic measure which
will be described in following sections.

4.2 Energy function

An energy function has been used as a Lyapunov
function candidate in many cases. For a single-machine
power system, the energy function can be established as a
positive definite function and used as a Lyapunov function.
However, this is not the case for a multi-machine power
system where the energy function possesses terms with
indefinite sign. Alternatively, the well-defined energy
function conditions have been imposed to evaluate the
stability of the power system for the direct method [31].
The positive definite requirement of the Lyapunov function
is relaxed such that the definite sign condition on the
Lyapunov function is removed. For the nonlinear system
with time invariant and force free, the conditions for the

well-defined energy function are as follows [31]:

e The derivative of well-defined energy function along
any system trajectory is non-positive.

e The derivative of energy function is zero when the
operating points (state variables) are the equilibrium
points.

¢ The well-defined energy function is bounded which
means state variables are also bounded.

These three conditions are considered in the relative
well-defined energy function (U) formulation using the
first integral method in [31] and [32]. and are provided as
follows:

[m-p m-p

Z;WOM Vi~ z mi i mw X + Z Plkxk
i=1 E[}Tl k=m+1
+Z oM,y - Z I[M k., sm( (xw—x,,q,)+ca)}dyw
4 2/):11 R
el o kok,, (9, +1) ~k,k, P, (1+3,)"
+“pzfl)‘0‘i‘ M @, k, -y, (k V‘“ cos(k (x ,L,)+C )+kll7“,) dy,
—”i zn: VIV,BU cos(xl —xj)+K
L i=l j=itl J

m-p
:—Z%ny, Z Ckxk Z Z %y
i=1 k=m+1 i=1 _/= k=m+1

(20)

The left-hand side in (20) is the derivative of U of the
power system where the constant K is defined such that U

is equal to zero at a stable equilibrium point ( y; = )*; and x;
=Xx"), where
_z oM, J’f2+z i i P,x, Z Bx;
f;fl k=m+1
i 2a)0M“yM + Z J‘[M KV, s1n(k ( , xrd)+ca”dyw
K L AR
i k (&, y +1) <k P (1+y, *)
=Y [ Mk ) (+n) | |,
o o Y. (k v, cos(k ( X, x,_€,)+ca)+dew)
+§ Zn: VV,B, cos(xf —x‘;)
i=l j=i+l
3y

From (20), the derivative of U can be stated as:

dU m-p m. n .
E:_z a)oDiyl z ckxk +ayy, [Z nj ng - Z Ckxk]
=l

i=1 k=m+1 k=m+1

(22)
where j denotes generator buses including both

synchronous and induction generators. In general, it is
rather difficult to show that the relationship in (22) is
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negative definite since the last term often becomes positive
at any particular operating point. However, for the case of a
power system with an infinite bus, y, is zero and the last
term of (22) is diminished. The derivative of U becomes:

m-p

dU
_t: Z ,yl Z ckxk (23)

d i=l1 k=m+1

Therefore, for the deterministic system, the derivative of
U is the negative semi-definite function. With a
substitution of (21) in (20) and solving the integral terms
using the trapezoidal rule, the general form of energy
function (U) is given as,

m-p

—Z%Miyﬂ i oM, (¥ -y

2 w=m—-p+1 i=1

n

i mm(x - X )+> Plk(x/\'_xz

in(k, (x, —x, o
pzl AoV +sin(ka (xj,—xref.)+ u) (yw yw)
+ z nga)O kg kpk,, ((yW +1) (yw +1)3)

w=m
-p+l

- i %Mwwo kg kpk, (é» +éf“)(ln(y“’ -

w=m
—p+l

_Z ZMﬂ’okd

w=m
—-p+l

1) —In (y; + 1))
v (vi-v)

~ z LYo 7 cos(ka (xw —xref)+c )

w=m 4 +COS(ka (x; 'ef)‘l‘c
—p+l

_Z Z I7,I7j§ [cos(x,. —xj)—cos(x,i’ - X; )J (24)

) (vi-»7)

The critical energy is used as the boundary of stability
of the power system. If the system has gained an excess
energy beyond the critical value when perturbed by any

disturbance, the system becomes unstable. For convenience,

the critical energy (U,) can be estimated using the method
laid out in [33] which requires determination of the
energy function, stable equilibrium points, and unstable
equilibrium points. Note that the unstable equilibrium
points in terms of the phase angles can be approximated
using the value +7 — x° where x° is the stable equilibrium
point [16].

4.3 Stochastic stability index

From the standard diffusion process form in (19), if there
exists a positive definite v(X, ) function with continuous
partial derivatives, the system is said to be stable in the
sense of Lyapunov providing that [34]:

E[dv]<0 forall 721, (25)

1116 | J Electr Eng Technol.2018; 13(3): 1110-1122

where E[.] is the expected value of the function. The
function v is qualified as a Lyapunov function belonging to
a particular equilibrium state of the stochastic differential
equations [34].

Alternatively, the stochastic well-defined energy
function (u(X, f)) is proposed to replace v(X, f) although it
is not the positive definite function as be described in the
previous section. The differentiation of u(X,¢) can be
stated as follows:

du (X, 1) = (Lu(X,))dr +iiul/ X,t)g, (X.t)dW, (26)

i=l j=1

.

The L operator is the Itd differential operator which is
represented by,

L= 320 ) L S5 s () 2O

ot o1 Ox, =l i=l
(27)

A substitution of the energy function (U) in (24) in the L
operator in (27) results in the LU terms consisting of the
time derivative, first-order, and second-order derivatives,
known as a trace function (LU,).

To simplify the calculation in the stability analysis, the
following assumptions are made. First, U is a time
invariant function and its partial derivative with respect to
time is zero. Second, the initial state of the state variables
is at equilibrium in which the first-order derivative terms
are negligible. As a result, the expectation of (26) can be
approximated as follows:

E[du(X)] _E[(Lu(X))dr] = LU :dd—U+ LU,
8U
where 6t Z} o f and (28)
o’U
= l,zl:g ( )6xl.6xj

Note that LU, in (28) includes the diffusion function
g(x,t) and also represents the rate of change of stochastic
energy. The larger LU, the faster the system energy
increases in which it can then reach the critical energy (U.).

To evaluate the effects of the wind power on the power
system, a stability index is proposed. The critical energy
and the trace function LU, are incorporated.

The index is a representation of how long the system
energy takes to reach the critical value. Thus, the proposed
stochastic stability index (SS7) is defined as follows:

SSI= U, /LU, (29)

The SSI represents similar concept to the mean first
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passage time or the mean first exit time which is the
performance index to quantify the average time that a state-
space trajectory takes to change from a given operating
point to the boundary of domain of attraction under an
influence of small perturbations [18]. The SS/ can be used
to compare the robustness of a given power system with
random perturbations including system power perturbed
by wind power, load and power balance. The power system
stability is more robust for a larger SSI. A higher SS7 is due
to a higher critical energy or lower trace function. That is a
large value of energy is needed to push the system out of
the domain of attraction. In other word, the system is
more robust to the cumulative effect of the fluctuated wind
power. To compute the SS7, the power, phase voltage, and
angle at steady-state condition and network matrices of the
power test system are evaluated using the relationships in
(10) to (19). The critical energy is obtained from (24) and
the trace function is obtained from (28) using state
variables at steady-state condition.

5. Stochastic Stability Index Evaluation

In this section, an example of stability analysis of a
power system with a collection of connected wind turbines
is evaluated using the SSI. The power system test case is
modified from the standard three-machine, nine-bus power
system from [21]. Note that the line impedances of the
original system are modified such that the system becomes
lossless corresponding to the formulated system equations
in (10) to (17). The single-line diagram of the test system is
represented in Fig. 11. The base power and voltage are at
100 MVA and 230 kV, respectively.

In this study, bus 1 is connected to an infinite bus
through a tie line. Originally, the generators G2 and G3
are the synchronous generators but in this case, the
generator G3 is replaced by wind power plant of 207MW,
90 of 2.3-MW DFIG wind turbines. This is the largest
wind farm in Thailand [35]. The system parameters of the
base case are shown in the Table 2 and the DFIG wind

Ps2 Pis Pas
‘/G ) j0.072 j0.1008 Y Q:<>
N2 ,o 161 ;o 170 - * < N\
G3
Jo 0625 9 Jo 0586 3
Pis
230kV
4 M
‘>\( 75‘ T1 jo.os76
— Ps1
G1( )

Fig. 11. Single line diagram of the modified three-
machine, nine-bus power test system

Table 2. Base values of the modified 3-machine, 9-bus
power test system

Angle

Bus no. type P(pu) Q (p.w) V (p.u) (radians)

Bus 1 infinite 0.716 0.27 1.04 0
Bus 2 P-V 1.63 0.067 1.025 0.162
Bus 3 P-v 0.85 -0.109 1.025 0.082
Bus 4 P-Q 0 0 1.026 -0.038
Bus 5 P-Q 1.25 0.5 0.996 -0.070
Bus 6 P-Q 0.9 0.3 1.013 -0.065
Bus 7 P-Q 0 0 1.026 0.065
Bus 8 P-Q 1 0.35 1.016 0.012
Bus 9 P-Q 0 0 1.032 0.035
Table 3. Parameters of DFIG wind turbine
Parameters / Description Values

M Inertia constant (sec.) 7.0
L, Mutual inductance (p.u.) 3.95279
L, Rotor leakage inductance (p.u.) 0.09955
L, Stator leakage inductance (p.u.) 0.09241
rr Rotor resistance (p.u.) 0.00549
T Stator resistance (p.u.) 0.00488
k, Power loop constant 0.1
kop Approximated optimum power-torque constant 0.56
ko Approximated speed control constant 0.7
V' Speed deviation at steady state (P,, = 1.0) 0.2114
Ck Frequency dependent coefficient of dynamic 0.05
loads [16]

turbine parameters are shown in Table 3 [5].

5.1 System characteristics under influence of random
wind power

This section represents the results of simulation and
analytical analysis considering the relation between wind
power, state variables, energy and LU of the power test
system with the noise intensity of 0.7.

The effects of wind power (Pg;) variation to the
exchanged power on infinite bus (Pg,), Energy, LU, LU,
rotor angles on buses 2 and 3 (6, , &), phase angles on bus
5,6, and 8 (65, G; and &), and the rotor speed deviation of
G3 (A @y) during 100 to 720 seconds are shown in Fig. 12.

It is well-known that the state variables are related to the
stability of the power system as well as the energy. From
Fig. 12(a), (c¢), and (d), when wind power fluctuates, the
angles and rotor speed deviation of G3 consequently
change. However, the exchanged power on infinite bus
fluctuates in the opposite direction. In Fig. 12 (b), LU
highly fluctuates and changes in the reverse manner with
energy while LU, is almost steady, as a mean value of LU.
In Fig. 12 (d), the rotor speed deviation (or —slip) in the
range of —0.01 to 0.04 p.u. is a typical range [5].

5.2 Relation between stochastic stability index and
noise intensity

This section illustrates the relation between SS/ and
noise intensity of wind power under different system
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Fig. 12. (a) the active power of G1 and G3, (b) energy and
its derivatives, (c) phase angles, and (d) rotor
speed deviation of G3 with noise intensity of 0.7

Table 4. Test conditions with variation of Pg,, Pg3, Prg, and
U, compared with the base case

Pai Ps, Pg; Pis Pis Pis U.

Case  Busl) (Bus2) (Bus3) (BusS) (Bus6) (BusS)

[ (base) 0716 1.63 085 125 09 1 2854
2 0313 163 1275 125 09 1 2811
3008 163 17 125 09 1 2739
4 2444 48 17 125 09 1 0275

5 4876  1.63 1.7 1.25 0.9 5.5  5.466
Remark: The Pg; is the injected power from the infinite bus.

conditions. Several events present a risk for the power
system instability, for example, oversupply, overload, and
high penetration of wind. Therefore, the study is evaluated
under 5 test conditions focusing on the variation of wind
power (Pg3) at different conditions of the power system
including oversupply from local generator (Pg,), and
overload from load busses (P s, Pr4, P1g), as represented in
Table 4. The effect of wind power on state variables,
energy and SS7 of the test system are analyzed.

In Table 4, Case 1 is the base case. Case 2 and Case 3
are when wind power increases to 1.275 and 1.7,
respectively. For Case 4, the P, increases from 1.63 to 4.8
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Fig. 13. The SSI (log scale) of the test system (Case 1 to 5)
with varying noise intensities

representing an oversupply operation. For Case 5, the Pz
increases from 1.0 to 5.5 representing the overload
operation.

The relation between SSI and noise intensity of wind
power which varies from 0 to 1.2 is represented in Fig. 13.
The steady state conditions in Table 4 are used to estimate
the critical energy and LU, which are used to calculate SSI.

From Fig. 13, as the noise intensity increases, the SS/
progressively decreases. The lowest SS/ occurs in Case 4
follows by Case 5, Case 3, Case 2, and Case 1. It implies
that the power system becomes less stable when the local
power system is in the oversupply mode in Case 4 and
follows by the overload mode in Case 5. As the wind
power increases in Cases 2 and 3, the effects on the power
system stability increase reflecting through the decrease of
SSI. In Case 4, the power system is unstable within 720
seconds as the noise intensity is more than 0.6 and at the
SSI of about 0.04. This value can be set as the critical SS7
for the reliability control. The SS7 can be used as a measure
of the degree of stability influenced by the random wind
power. These results emphasize the advantage of the
stochastic stability analysis.

5.3 Instability due to random wind power and
stochastic stability index comparison

The SSI in the previous section is used as a measure of
degree of stability of the power system under different
conditions especially the oversupply mode in Case 4
causing the system to become unstable as the noise
intensity is greater than 0.6. To focus on the instability case,
this section presents the instability due to the random wind
power. A comparison between the SS/ and conventional
stability index of Case 4 condition is given.

The simulation was done for 100 trials with 100 series of
random values of wind power at a specified noise intensity
and mean wind power. For illustration purpose, the
samples of operation in Case 4 with the noise intensity of
0.7 are shown in Fig. 14. The system energy, the phase
angle on bus 2, and the frequency deviation on bus 3 are
displayed in Fig. 14 (a), (b), and (c), respectively.
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Fig. 14. (a) energy, (b) bus 2 phase angles, and (c) bus 3
angular frequency deviation of Case 4 with noise
intensity of 0.7 of 3™ round and 4" round

From Fig. 14, the 3 and 4™ rounds of simulation with
different trajectories of state variables provide different
results of power system stability due to the stochastic
behavior. For example, the 3™ round simulation results
show that, at 617 seconds, the bus 2 phase angle and bus
3 angular frequency reach their limits at 1.6 radian and
1%, respectively. It is implied that when the wind power
changes, the state variables vary over their limit values
causing the energy to deviate beyond the critical value.
However, the instability is not observed in the results of
4™ round simulation. This indicates a possibility that the
system exhibits instability behavior due to the random
effect of the wind power even though the operating
condition remains the same.

For each noise intensity in a particular initial condition
the wind power is generated randomly and the simulation
is carried out until the state variables of interest (speed
and angle) are out of the limit or exit the predefined
boundary. The first exit times are determined for 100 trials
of simulation and the mean value is of the first exit times is
obtained.

When the noise intensity increases in Case 4, the mean
first exit time decreses with the reduction of SS/, as shown
in Table 5.

From the results in Table 5, it implies that the power
system has higher possibility of becoming unstable with

Table 5. Mean first exit time, SS/, and computational time

in Case 4
Noise Security Index Computational time (sec.)
intensity MFET SSI MFET SSI
0.7 3103 0.0289 956.9 0.109
0.8 279.2 0.0222 927.3 0.062
0.9 2435 0.0175 873.0 0.078
1.0 227.7 0.0142 647.7 0.094
1.1 221.8 0.0117 1216.3 0.140
1.2 205.2 0.0098 954.7 0.125

*Remark: MFET is the mean first exit time from 100 trials.
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Fig. 15. The SSI of the test system of Case 4 with varied
wind power of geographically distributed wind
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Fig. 16. The SSI of the test system of Case 4 with varied
wind power using aggregated model of wind
turbines

shorter time span when the noise intensity is increased.
Evidently, the SS/ can reresent an influence of noise
intensity of wind power to the power system stability
similar to the mean first exit time with less computational
effort. Excluding the process of obtaining the system initial
conditions in power flow analysis, the computation of
mean first exit time of 100 trials require 647.7 to 1,216.3
seconds while the SS7 computation requires less than 0.2
seconds on an IntelR CoreTM 17 4510U CPU at 2.0 GHz
with 4.0GB of RAM.

5.4 SSI Implementation and analysis

From Figs. 6 and 7, the SSI of the test system under an
oversupply condition (Case 4 with varied wind power) can
be determined using measured wind data as represented in
Figs. 15 and 16, respectively.

In Fig. 15, the lowest SSI of 0.87 occurs at 0.75 p.u. of
wind power. The value of SSI is much larger than the
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critical SS7 of 0.04. This means that the power system is
rather robust under the specified condition. However in Fig.
16, the lowest SSI of 0.05 at wind power of 0.90 p.u. is
much close to the critical SS/ which implies that the power
system is less robust for wind power plant with aggregated
model. As mentioned earlier, an increase of wind power
and its noise intensity has more influence on SSI. From
measured wind data, the noise intensity decreases with an
increase of wind power. From these results, the degree of
influence of wind power affecting the power system
stability depends on the characteristics of wind power
deviation and the condition of the power system. The SS7
provides insight in quantifiable effects of random wind
power.The SSI can be used to evalutate or even forecast the
stability of the power system using statistical wind data.

6. Conclusions

This paper proposes the Stochastic Stability Index (SS7)
which is implemented on the modified three-machine,
nine-bus power test system incorporating wind power
from DFIG wind turbines. The random effects of wind
power have been characterized where a hypothesis test
has confirmed that the wind power of geographically
distributed wind turbines is normally distributed. The SS/
is computed from the critical energy and the derivative of
the relative well-defined energy. The results of analysis
reveal that the SS7 is obviously corresponding to the mean
exit time. The SSI decrease with increasing of wind power
and its noise intensity and with the over and under supply
conditions of the power system. This situation occurs
with the same direction as the mean exit time when the
state variables out of the limit values. However, the
solution of mean exit time is computationally expensive.
For the power test system proposed in this study, it
spends less than 0.2 second to compute the SSI for each
test condition while the computation of mean exit time
from 100 trials spend 647.7 to 1,216.3 seconds. Therefore,
SSI can be used to evaluate the stability of the power
system comparatively with much less computational
effort. The period of short term wind power forecast
typically spans from few minutes to several hours ahead.
Therefore, the SS/ computation process can be
implemented rapidly following the forecasting processes
with less effect to the overall time frame of correct
variation of regulating reserve.
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Nomenclature

mechanical power (p.u.)

E electromagnetic power (p.u.)

1_31 load power (p.u.)

M, D Inertia and damping constants of generator (sec.)

a,, noise intensity of the wind power

W zero-mean Gaussian distributed white noise

) fundamental angular frequency (p.u.)

wr angular speed of rotor (electrical radians per
second)

o) angular speed of electrical field at stator
(electrical radians per second)

A®, rotor speed deviation (p.u.)

A, speed deviation of synchronous generator (p.u.)

Sy slip of the induction generator

V. stator voltage in x-y axis (p.u.)

\2 rotor voltage in x-y axis (p.u.)

ViV, direct-quadrature (d-q) components of V, (p.u.)

14 voltage bus (p.u.)

E’ voltage behind transient reactance in x-y axis

B (p-u) B

|E’| magnitude of E’ (p.u.)

S angle of E’ (radians)

S angle between E’, and V, (radian)

S rotor angle of synchronous generator (radian)

O phase angle of the load bus voltages (radian)

6; angle of bus voltage j (radian)

T, stator current in x-y axis (p.u.)

I I, direct-quadrature (d-q) components of T (p.u.)

i frequency dependent coefficient of dynamic loads

X’ transient reactance (p.u.)

X open-circuit reactance on stator (p.u.)

7, the transient open-circuit time constant (seconds)

T, rotor resistance (p.u.)

L, mutual inductance (p.u.)

L, sum of mutual and rotor leakage inductances

B (p-u)

Ly sum of mutual and stator leakage inductances
(p-u.)

k., c, slope and offset of the linear relationship between
o,and &',

T, set-point torque at any generator speed (p.u.)

ke aerodynamic  performance  constant from
manufacturer

k.;, k., turbine generator constants
approximated speed control constant
speed-torque control parameters (PI-controller) of
the turbine generator

) Ekj susceptances between bus w , i, and k, and
busj (p.u.)

x,, (=6,) angle of voltage behind transient reactance

(radian)

Y (ZAm,,) speed deviation of DFIG (p.u.)

x; (=8) rotor angle of the synchronous generator (radian)

v; (=Aw,;) speed deviation the synchronous generator (p.u.)
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X; (=6, phase angle of the voltages at load buses £

(radian)
Yo speed deviation at the infinite bus (p.u.)
U relative well-defined energy function
u(X,t)  stochastic well-defined energy function
LU stochastic differential function of U
LU, trace function of U
U. critical energy
G(x,t)  diffusion function
fxt) nonlinear drift function
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