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MULTI–OBJECTIVE NON–DOMINATED SHORTING
GENETIC ALGORITHM–II FOR EXCITATION
AND TCSC–BASED CONTROLLER DESIGN

Sidhartha Panda
∗

Non-dominated Sorting in Genetic Algorithms-II (NSGA-II) is a popular non-domination based genetic algorithm for
solving multi-objective optimization problems. This paper investigates the application of NSGA-II technique for the design
of a Thyristor Controlled Series Compensator (TCSC)-based controller and a power system stabilizer. The design objective
is to improve both rotor angle stability and system voltage profile. The proposed technique is applied to generate Pareto
set of global optimal solutions to the given multi-objective optimization problem. Further, a fuzzy-based membership value
assignment method is employed to choose the best compromise solution from the obtained Pareto solution set. Simulation
results are presented and compared with a conventionally designed power system stabilizer under various loading conditions
and disturbances to show the effectiveness and robustness of the proposed approach.

K e y w o r d s: multi-objective optimization, non-dominated shorting genetic algorithm, pareto solution set, thyristor
controlled series compensator, power system stabilizer, power system stability

1 INTRODUCTION

Power system oscillations and system voltage profile
are the two important criteria which define the perfor-
mance of a power system subjected to a disturbance [1].
Power System Stabilizers (PSS) are now routinely used
in the industry to damp out power system oscillations.
However, during some operating conditions, this device
may not produce adequate damping, and other effective
alternatives are needed in addition to PSS. Recent devel-
opment of power electronics introduces the use of Flex-
ible AC Transmission Systems (FACTS) controllers in
power systems [2]. Thyristor Controlled Series Compen-
sator (TCSC) is one of the important members of FACTS
family that is increasingly applied with long transmission
lines by the utilities in modern power systems [3–7].

The problem of PSS and FACTS controllers parameter
tuning is a complex exercise as uncoordinated local con-
trol of FACTS devices and PSS may cause destabilizing
interactions. A number of conventional techniques have
been reported in the literature pertaining to design prob-
lems of conventional power system stabilizers namely:
the eigenvalue assignment, mathematical programming,
gradient procedure for optimization and also the mod-
ern control theory. Unfortunately, the conventional tech-
niques are time consuming and require heavy computa-
tion burden and slow convergence. In addition, the search
process is susceptible to be trapped in local minima and
the solution obtained may not be optimal. The evolution-
ary methods constitute an approach to search for the op-
timum solutions via some form of directed random search
process. Recently, Genetic Algorithm (GA) and particle
swarm optimization (PSO) appeared as a promising evo-
lutionary technique for handling the optimization prob-
lems and have been applied to design the controllers [8, 9].

There has been much research interest in developing
new control methodologies for increasing the performance

of the power system. The majority of the control method-
ologies presented in literature concerns improvement of
only one type of stability performance; either improving
the oscillatory stability performance (reflected in the de-
viation in generator speed) or the system voltage profile
and minimization of a single objective function is em-
ployed to get the desired performance. Obviously, the
main purpose of design of any controller is to enable it
to improve both oscillatory stability and system voltage
profile. Design of such a kind of controller is inherently a
multi-objective optimization problem.

There are two general approaches to multiple objec-
tive optimizations. One approach to solve multi- objec-
tive optimization problems is by combining the multiple
objectives into a scalar cost function, ultimately making
the problem single-objective prior to optimization. How-
ever, in practice, it can be very difficult to precisely and
accurately select these weights as small perturbations in
the weights can lead to very different solutions. Further,
if the final solution found cannot be accepted as a good
compromise, new runs of the optimizer on modified objec-
tive function using different weights may be needed, until
a suitable solution is found. These methods also have the
disadvantage of requiring new runs of the optimizer ev-
ery time the preferences or weights of the objectives in
the multi-objective function change [10]. The second gen-
eral approach is to determine an entire Pareto optimal
solution set or a representative subset. Pareto optimal so-
lution sets are often preferred to single solutions because
they can be practical when considering real-life problems,
since the final solution of the decision maker is always a
trade-off between crucial parameters [11].

In this paper, the design problem of PSS and TCSC-
based controller is formulated as a multi-objective op-
timization problem. Non-Dominated Sorting in Genetic
Algorithms-II (NSGA-II) based multi-objective optimiza-
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Fig. 1. Single-machine infinite-bus power system with TCSC

Fig. 2. Modified Phillips-Heffron model of SMIB with TCSC and
PSS

Fig. 3. Structure of TCSC controller

tion method is adapted for generating Pareto solutions in

designing the proposed controllers. The design objective

is to improve the oscillatory stability and system volt-

age profile of a power system following a disturbance.

Further a fuzzy based membership function value assign-
ment method is employed to choose the best compromise

solution from the obtained Pareto set. Simulation results

are presented at various loading conditions to show the

effectiveness and robustness of the proposed approach.

2 POWER SYSTEM MODELING

The single-machine infinite-bus (SMIB) power system

installed with a TCSC, shown in Fig. 1 is considered

in this study. In the figure, XT and XL represent the

reactance of the transformer and the transmission line

respectively; VT and VB are the generator terminal and

infinite bus voltage respectively.

In the design of electromechanical mode damping sta-
bilizer, a linearized incremental model around an oper-
ating point is usually employed [1]. The Phillips-Heffron
model of the power system with FACTS devices is ob-
tained by linearizing nonlinear equations of the power
system around an operating condition.

The linearized expressions are as follows [12]:

∆δ = ωb∆ω ,

∆ω =
−K1∆δ − K2∆E′

q − KP ∆σ − D∆ω

M
,

∆E′

q =
−K3∆E′

q − K4∆δ − KQ∆σ + ∆Efd

T ′

d0

,

∆E′

fd =
−KA(K5∆δ + K6∆E′

q + KV ∆σ) − ∆fd

TA
.

(1)

where,

K1 =
∂Pe

∂δ
, K2 =

∂Pe

∂E′

q

, K3 =
∂Eq

∂E′

q

,

K4 =
∂Eq

∂δ
, K5 =

∂VT

∂δ
, K6 =

∂VT

∂E′

q

,

KP =
∂Pe

∂σ
, KV =

∂VT

∂σ
, KQ =

∂Eq

∂σ
.

The above notation for the variables and parameters de-
scribed are standard and defined in the nomenclature. For
more details, the readers are suggested to refer [1, 12]. The
Phillips-Heffron model of the SMIB system with TCSC is
obtained using the linearized equations. The correspond-
ing block diagram model is shown in Fig. 2.

3 PROBLEM FORMULATION

3.1 Proposed Controller Structures

The commonly used leadlag structure is chosen in this
study as a TCSC controller. The structure of the TCSC
controller is shown in Fig. 3. Figure 4 shows the struc-
ture of the power system stabilizer used in the present
study. Each structure consists of a gain block, a signal
washout block and two-stage phase compensation block.
The phase compensation block provides the appropriate
phase-lead characteristics to compensate for the phase lag
between input and the output signals. The signal washout
block serves as a high-pass filter, with a time constant
high enough to allow signals associated with oscillations
in input signal to pass unchanged. Without it steady
changes in input would modify the output. From the view-
point of the washout function, the value of washout time
constant is not critical and may be in the range of 1 to
20 seconds [1].

Fig. 4. Structure of the power system stabilizer
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3.2 Objective Function

It is worth mentioning that the proposed controllers
are designed to damp power system oscillations and im-
prove the system voltage profile after a disturbance. A
multi-objective function based on ∆ω and ∆VT is used
as an objective function in the present study. The objec-
tive can be formulated as the minimisation of function F

given by:
F = (F1, F2) (2)

where F1 =
∫ t1
0 |∆ω|tdt and F2 =

∫ t1
0 |∆VT |tdt .

In these equations, |∆ω|| and |∆VT | denote the ab-
solute values of rotor speed and terminal voltage devi-
ations following a disturbance and t1 is the time range
of the simulation. For the objective function calculation,
the time-domain simulation of the power system model is
carried out for the simulation period.

4 MULTIOBJECTIVE OPTIMIZATION

A Multi-objective Optimization Problem (MOP) dif-
fers from a single-objective optimization problem because
it contains several objectives that require optimization. In
case of single objective optimization problems, the best
single design solution is the goal. But for multi-objective
problems, with several and possibly conflicting objectives,
there is usually no single optimal solution. Therefore, the
decision maker is required to select a solution from a finite
set by making compromises. A suitable solution should
provide for acceptable performance over all objectives.

A general formulation of a MOP consists of a number
of objectives with a number of inequality and equality
constraints. Mathematically, the problem can be written
as [13]:

minimize/maximize fi(x)

for i = 1, 2, . . . , n . (3)

Subject to constraints:

gj(x) ≤ 0 , j = 1, 2, . . . , J ,

hk(x) ≤ 0 , k = 1, 2, . . . , K .

where

fi(x) =
{

f1(x), . . . , fn(x)
}

,

n = number of objectives or criteria to be optimised,

x = {x1, . . . , xp} is a vector of decision variables,

p = number of decision variables.

There are two approaches to solve the MOP. One ap-
proach is the classical weighted-sum approach where the
objective function is formulated as a weighted sum of
the objectives. But the problem lies in the correct selec-
tion of the weights or utility functions to characterise the
decision-makers preferences. In order to solve this prob-
lem, the second approach called Pareto-optimal solution

can be adapted. The MOPs usually have no unique or
perfect solution, but a set of non-dominated, alternative
solutions, known as the Pareto-optimal set. Assuming a
minimisation problem, dominance is defined as follows

A vector u = (u1 . . . , un) is said to dominate
v = (v1, . . . , vn) if and only if u is partially less than v

(u p< v ),

∀ i ∈ {1, . . . , n} , ui ≤ vi ∧ ∃i ∈ {1, . . . n} , ui < vi . (4)

A solution xu ∈ U is said to be Pareto-optimal if
and only if there is no xv ∈ U for which v = f(xv) =
(v1, . . . , vn) dominates u = f(xu) = (u1, . . . , un).

Pareto-optimal solutions are also called efficient, non-
dominated, and non-inferior solutions. The corresponding
objective vectors are simply called non-dominated. The
set of all non-dominated vectors is known as the non-
dominated set, or the trade-off surface, of the problem.
A Pareto optimal set is a set of solutions that are non-
dominated with respect to each other. While moving from
one Pareto solution to another, there is always a certain
amount of sacrifice in one objective to achieve a certain
amount of gain in the other. The elements in the Pareto
set has the property that it is impossible to further re-
duce any of the objective functions, without increasing,
at least, one of the other objective functions.

The ability to handle complex problems, involving fea-
tures such as discontinuities, multimodality, disjoint fea-
sible spaces and noisy function evaluations reinforces the
potential effectiveness of GA in optimization problems.
Although, the conventional GA is also suited for some
kinds of multi-objective optimization problems, it is still
difficult to solve those multi-objective optimization prob-
lems in which the individual objective functions are in
the conflict condition.

Being a population based approach; GA is well suited
to solve MOPs. A generic single-objective GA can be eas-
ily modified to find a set of multiple non-dominated solu-
tions in a single run. The ability of GA to simultaneously
search different regions of a solution space makes it pos-
sible to find a diverse set of solutions for difficult prob-
lems with non-convex, discontinuous, and multi-modal
solutions spaces. The crossover operator of GA exploits
structures of good solutions with respect to different ob-
jectives to create new non-dominated solutions in unex-
plored parts of the Pareto front. In addition, most multi-
objective approach does not require the user to priori-
tise, scale, or weigh objectives. Therefore, GA has been
the most popular heuristic approach to multi-objective
design and optimization problems.

5 NON–DOMINATED SHORTING

GENETIC ALGORITHM–II

Pareto-based fitness assignment was first proposed by
Goldberg [14], the idea being to assign equal probability
of reproduction to all non-dominated individuals in the
population. The method consisted of assigning rank 1 to
the non-dominated individuals and removing them from
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contention, then finding a new set of non-dominated in-
dividuals, ranked 2, and so forth.

In the present study, after initializing the population
the individuals in the populations are sorted based on
non-domination into each front. The first front being com-
pletely non-dominant set in the current population and
the second front being dominated by the individuals in
the first front only and the front goes so on. Each indi-
vidual in the each front are assigned rank (fitness) values
or based on front in which they belong to. Individuals in
first front are given a fitness value of 1 and individuals in
second are assigned fitness value as 2 and so on. In ad-
dition to fitness value a new parameter called crowding
distance is calculated for each individual. The crowding
distance is a measure of how close an individual is to its
neighbours. Large average crowding distance will result
in better diversity in the population. Parents are selected
from the population by using binary tournament selection
based on the rank and crowding distance. An individual is
selected in the rank is lesser than the other or if crowding
distance is greater than the other 1. The selected popula-
tion generates offsprings from crossover and mutation op-
erators, which will be discussed in detail in a later section.
The population with the current population and current
offsprings is sorted again based on non-domination and
only the best N individuals are selected, where N is the
population size. The selection is based on rank and the
on crowding distance on the last front.

Implementation of NSGA-II requires the determina-
tion of some fundamental issues. In the present paper, af-
ter initializing the population the following schemes are
employed [15–17]

5.1 Non-Dominated Sort

The initialized population is sorted based on non-
domination using the following shorting algorithm.

• For each individual i in the main population MP ,
find the set of individuals SI , that is dominated by i .

• Find the number of individuals that dominate i , Ni .

• For each individual j in MP , if i dominates j , then
add j to set SI . If j dominates i , increment the
domination counter Ni for i .

• If no individuals dominate i then i belongs to the first
front; Set rank of individual i to one ie irank = 1.
Update the first front set by adding i to front one.

• Repeat the above procedure for all the individuals i

in main population MP.

• Initialize the front counter f = 1. For kth nonempty
front Fk , the set S for sorting the individuals for
(k + 1)th front is done. For each individual i in Fk ,
and for each individual j in SI , domination count for
individual j is decremented. If Nj = 0 then none of
the individuals in the subsequent fronts would domi-
nate j . Hence the rank of j is taken as k + 1 and the
set S is updated with individual j .

• Increment the front counter and set S becomes the
next front.

5.2 Crowding Distance

The basic scheme behind the crowing distance calcu-
lation is the determination of euclidian distance between
each individual in a front based on their m objectives
in the m dimensional space. All the individuals in the
population are assigned a crowding distance value as the
individuals are selected based on rank and crowding dis-
tance. Crowding distance is assigned front wise as below

For each front Fk , i is the no. of individual

• For all the individuals initialize the distance to be zero.
Fk(dj) = 0, where j corresponds to the jth individual
in front Fk .

• For each objective function m , sort the individuals in
front Fk based on objective m , I = sort(fk, m).

• Boundary values for each individual are assigned infi-
nite value, I(d1) = ∞ and I(dn) = ∞ .

• For p = 2 to (n − 1)

I(dp) = I(dp) +
I(p + 1)m − I(p − 1)m

fmax
m − fmin

m

. (5)

I(p)m is the value of the mth objective function of

the pth individual in I .

5.3 Selection

The selection is performed using a crowded comparison
operator αc as below:

• Individuals in front Fk are ranked as prank = i .

• From the rowding distance Fk(dj), the ranks are com-
pared using the comparison operator αc

ie p αc q if prank < qrank

or if p and q belong to the same front Fk then
Fk(dp) > Fk(dq).

By using tournament selection with crowed compari-
son operator, the individuals are selected.

5.4 Genetic Operators

Crossover : Simulated binary crossover scheme is em-
ployed in the present study which simulates the binary
crossover observed in nature given as below:

a1,k =
(1 − γk)p1,k + (1 + γk)p2,k

2
, (6)

a2,k =
(1 + γk)p1,k + (1 − γk)p2,k

2
. (7)

Where, ai,k is the ith child with kth component, pi,k is
the selected parent, γk k is the random generated sam-
ple (≥ 0) obtained from a uniformly sampled random
number u between (0, 1) defined by:

p(γ) =
(εc + 1)γεc

2
, if 0 ≤ γ ≤ 1 , (8)

p(γ) =
(εc + 1)

2γεc+2
, if 0 ≤ γ > 1 , (9)

γ(u) = (2u)1/(ε+1), (10)

γ(u) = 1
/

[2(1 − u)]1/(ε+1) . (11)
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Fig. 5. Pareto optimal solution surface

Table 1. Best compromise solution as PSS and TCSC-based con-
troller parameters

Parameters PSS TCSC

K 8.5436 61.4546
T1 0.1876 0.1842
T2 0.0972 0.0936
T3 0.1935 0.1744
T4 0.1243 0.1256

Where εc is distribution index for crossover

Mutation: The polynomial mutation is employed in the
presented study defined as:

ck = pk +
(

pu
k − pl

k

)

∆k . (12)

Where, ck is the child, pk is the parent, pu
k and pl

k are
the upper and lower bounds on the parent components
respectively. ∆k is the small deviation calculated as be-
low:

∆k = (2rn)1/(εm+1) − 1 , if rn < 0.5 , (13)

∆k = 1 − [2(1 − rn)]1/(εm+1), if rn ≥ 0.5 . (14)

Where, rn ∈ (0, 1) is a uniformly sampled random num-
ber, εm is mutation distribution factor.

5.6 Recombination and Selection

Selection for individuals for next generation is per-
formed by combining the current generation population
and the offspring population. Elitism is ensured as all
the previous and current best individuals are added in
the population. Based on non-domination, population is
sorted and the new generation is completed by each front
subsequently until current population size is obtained.

6 RESULTS AND DISCUSSIONS

6.1 Application of NSGA-II to Generate Pareto

Solution Set

The objective function given by equation (2) is evalu-
ated by simulating the system dynamic model considering
a 10 % step increase in mechanical power input (∆Pm) at
t = 1.0 sec. Optimization process is repeated 20 times and
the best final Pareto solution surface obtained is shown
in Fig. 5 where the Pareto solutions are shown with the
marker ’o’.

6.2 Best Compromise Solution

In the present paper, a Fuzzy-based approach is ap-
plied to select the best compromise solution from the ob-
tained Pareto set. The j -th objective function of a solu-
tion in a Pareto set fj is represented by a membership
function µj defined as [18]

µj =















1 , fj ≤ fmin
j ,

fmax
j −fj

fmax
j −fmin

j

, fmin
j < fj < fmax

j ,

0 , fj ≥ fmax
j

(15)

where fmax
j and fmin

j are the maximum and minimum

values of the j -th objective function, respectively.

For each solution i , the membership function µi is
calculated as:

µi =

∑n
j=1 µi

j
∑m

i=1

∑n
j=1 µi

j

(16)

Table 2. Loading conditions considered

Loading Conditions P (pu) Q (pu) Parameter variation δ0 (deg.)

Nominal 0.8 0.3694 No parameter variation 60.39

Light 0.5 0.169 50% increase in line reactance 37.54

Heavy 1.02 0.6479 10% decrease in line reactance 73.57
and 5% increase in terminal voltage

Table 3. System electromechanical eigenvalues

Loading Conditions Without control With random controller parameters NSGA-II optimized PSS and TCSC

Nominal 0.1891± 5.2152i −0.8187± 6.5981i −9.0381± 5.4223i
Light 0.0504± 5.5145i −1.0033± 6.63i −9.6788± 3.6388i

Heavy 0.4864± 3.9793i −0.7428± 6.586i −8.7501± 6.8753i
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Fig. 6. Speed deviation without PSS and TCSC Fig. 7. Terminal voltage deviation response without PSS and

TCSC

Fig. 8. Speed deviation response at nominal loading Fig. 9. Terminal voltage response at nominal loading

where, n is the number of objectives functions and m is
the number of solutions. The solution having the maxi-
mum value of µi is the best compromise solution. Table 1
shows the best compromise solution obtained as PSS and
TCSC based controller parameters using the above ap-
proach.

6.3 Eigenvalue Analysis

To assess the effectiveness and robustness of the pro-
posed stabilizers, three different loading conditions given
in Table 2 are considered. The system electromechanical
mode eigenvalues without and with the proposed con-
trollers are shown in Table 3. Table 3 also shows the sys-
tem electromechanical eigenvalues with randomly chosen
PSS and TCSC controller parameters (please refer Ap-
pendix).

It is clear from Table 3 that the open loop system
is unstable at all the loading conditions because of neg-
ative damping of electromechanical mode (s = 0.1891,
0.0504 and 0.4864 for nominal, light and heavy loading
respectively). With randomly chosen PSS and TCSC con-
troller parameters the system stability is maintained as
the electromechanical mode eigenvalue shift to the left of
the line in s-plane (s = −0.8187, −1.0033 and −0.7428
for nominal, light and heavy loading respectively) for all
loading conditions. It is also clear that proposed NSGA-

II optimized PSS and TCSC controllers shift substan-
tially the electromechanical mode eigenvalue to the left
of the line (s = −9.0381, −9.6788 and −8.7501 for nom-
inal, light and heavy loading respectively) in the s-plane,
which greatly enhances the system stability.

6.4 Simulation Results

In order to verify the effectiveness of the proposed ap-
proach, the performance of the NSGA-II optimized PSS
and TCSC controller is tested for different loading con-
ditions. The system speed deviation and terminal volt-
age response for the above contingency at all the loading
condition are shown in Figures 6 and 7 respectively. In
the Figures the legend Case 1 (shown with solid line)
indicates nominal loading condition with no parameter
variation, the legend Case 2 (shown with dotted line) in-
dicates light loading condition with 50 % increase in line
reactance and the legend Case 3 (shown with dashed line)
indicates heavy loading condition with 10 % decrease in
line reactance and 5 % increase in terminal voltage. These
simulation results confirm the eigenvalue analysis pre-
sented in Section 6-B ie the system is unstable at all the
loading conditions.

The system speed and terminal voltage deviation re-
sponses for the above contingency at nominal loading
condition are shown in Figures 8 and 9 respectively. For
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Fig. 10. Speed deviation response at light loading Fig. 11. Terminal voltage response at light loading

Fig. 12. Speed deviation response at heavy loading Fig. 13. Terminal voltage at heavy loading

Fig. 14. Speed deviation response under disturbance in reference
voltage setting

Fig. 15. Terminal voltage deviation response under disturbance in
reference voltage setting

comparison the responses with a conventionally designed
PSS [19] is shown with dashed lines and the responses
with randomly chosen PSS and TCSC controller parame-
ters are shown with dotted lines. It can be observed from
Figures 8 and 9 that the responses with proposed NSGA-
II optimized PSS and TCSC controller are much faster,
with less settling time compared to the case where the
controller parameters are not optimized and CPSS.

Figures 10 and 11 show the system response for the
above disturbance at light loading conditions with the
parameter variation given in Table 2. These simulation

results illustrate the effectiveness and robustness of pro-
posed design approach. It is clear that the proposed
NSGA-II optimized TCSC controller has good damping
characteristics to low frequency oscillations and stabilizes
the system quickly at light loading condition with param-
eter variation.

To illustrate the effectiveness and robustness of pro-
posed design approach, the system response for the same
disturbance at heavy loading conditions with the param-
eter variation (given in Table 2) are shown in Figures 12
and 13. It is clear that the proposed NSGA-II optimized
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controllers are robust and perform satisfactorily at heavy
loading condition with parameter variation.

For completeness, the effectiveness of the proposed
controllers is also tested for a disturbance in reference
voltage setting. The reference voltage is increased by
a step of 10 % at t = 1.0 s. Figures 14 and 15 show
the system response for the above contingency at nomi-
nal loading condition. These positive results of the pro-
posed NSGA-II optimized controllers can be attributed to
its faster response compared to that of controllers with-
out optimized parameters. The proposed controllers have
good damping characteristics to low frequency oscilla-
tions and stabilize the system much faster. This extends
the power system stability limit and the power transfer
capability.

7 CONCLUSION

In this study, the performance improvement of a power
system by optimal design of a TCSC-based controller and
a power system stabilizer is presented and discussed. The
design objective is to improve both rotor angle stabil-
ity and system voltage profile. A Non-Dominated Sorting
Genetic Algorithm-II based solution technique is applied
to generate a Pareto set of global optimal solutions to
the given multi-objective optimization problem. Further,
a fuzzy-based membership value assignment method is
employed to choose the best compromise solution from
the obtained Pareto solution set. Eigenvalue analysis and
simulation results are presented at various loading con-
ditions to show the effectiveness and robustness of the
proposed approach.

Appendix

System data: All data are in per unit (pu) unless spec-
ified otherwise. All variables are defined in reference [1].

Generator: M = 9.26 s, D = 0, Xd = 0.973, Xq = 0.55,
X ′

d = 0.19, T ′

do = 7.76, f = 60, VT = 1.05, X = 0.997,
KA = 50, TA = 0.05 s. XTCSC0 = 0.2169, α0 = 160◦ ,
XC = 0.2X , XP = 0.25XC

Random controller parameters:
TCSC: KT = 60, T1 = 0.1, T2 = 0.2, T3 = 0.15,
T4 = 0.35,
PSS: KPS = 10, T1P = 0.1, T2P = 0.2, T3P = 0.15,
T4P = 0.35.
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