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Abstract—This paper presents a new method of assessing The basis of PSO is to simulate the flocking of birds in
composite power system reliability. This method is based on the search of food. Classically the simulation is performed on
Particle Swarm Optimization Technique, which is fundamentally - 5 o dimensional grid (representing an area of land, where
an optimization method. In this work, the technique has been food is supposed to be located). The birds set out in' search
used as a search method for identifying the loss of load states pp . ! /-
while the ‘particles’ move towards the optimum. The objective Of food, the location of which is unknown to them. They
of the ‘particles’ is to move towards the position with the follow certain dynamics (described in Sec. Il) and concur upon
best fitness value. During the dynamics of the particles, they the position where the food is located. Now, in the process
visit various states. These states are tested for acceptability and yhay yisit other positions as well. In our application, we use
reliability indices are collected accordingly. This paper presents these visits to collect reliability data. This is diSCl,JSSEd in
a formulation and implementation of the method for application - y ek -
in the reliability area, and reports the results of testing this Sec. lll. As a simple test case, this method was applied to
implementation on a simple 4-bus system. a 4-bus system with different generation and load scenarios.

The results obtained were compared with results obtained by
enumeration for validation.
I. INTRODUCTION
N _Il. THE PARTICLE SWARM OPTIMIZATION TECHNIQUE

Many methods have been developed for reliability anaIyS|s_|_he particle swarm optimization technique was developed
of composite (generation and .tr_ansr_mssmn) power s_ystems.a result of simulating movement of birds flocking in search
These methods can be classified into two categories: . . ) )

food and also as a result of simulating social behavior. In

analytical techniques such as contingency ranking [1], [2],. . . :
capacity assistance [3], [4], decomposition [5], [6], [7]; an is paradigm, the part|c]es (birds) traverse (fly over) the state
. : : space (an area of land) in search of the optimum (food). Each
(b) simulation-based techniques. oint in the space has a fithess value (a sense of distance
Simulation-based methods afford very high modeling flex}- P

. . .rom the location of the food). The motion of the particles is
bility, and in some cases, for large and complex systems, sim-

ulation is often the only viable option. Most such methods algeovern_ed by three_ aspects:_one, inertia, i.e. they c_ont.mue to
move in the direction in which they had been moving; two,

based on Monte Carlo simulation. Techniques like acceleratI Q1 optima: they tend to move towards the position that

Monte Carlo methods [8], [9], [10] have also been developed. hei | best f | d th h
Other simulation methods that have been devised are baStq t, e;]r persoga est fitness \(/ja ueh, an F_ree,ht € group
on ‘evolutionary methods’ such as “Genetic Algorithms” (GA ptima: they tend to move towards the position that gives

[11], [12]. The above approaches have attempted to prese Qg best fitness within the same group. The interaction of

. A : ‘hese three factors gives the particles new positions and in
accurate modeling while improving the process of searchlr&% ; . )
for failure states. e course of time they settle upon the position that gives the

In soite of the availability of manv powerful methods OTbest fithess value (a zero distance from the food). This simple
m plit tem rV”' bililtl Y valuati ?’1 E)hwn udf f even m concept can be implemented using a small computer program
cOMPOsite system reliability evaluation, the need 1or even Mol o computationally inexpensive as this uses only primitive

powerful and efficient tools continues to exist, because of t athematical operators. The basic equation describing the
increasing complexity of present day systems. The aum?#fnamics for any particle is:

have identified Particle Swarm Optimization (PSO) as a poterr-
tially powerful tool for this kind of analysis. Very recently, this
method has found applications in many power systems areas|:| — v[] 4+ rand) x ¢; x (pbestz|]| — presentz[])
such as distribution state estimation [13], dynamic security +rand) x ¢y x (pbestz[gbest] — presentz[]) (1)
assessment [14] and optimization of AGC [15].

This paper develops a formulation and an implementatié{€re,
of the PSO method that is applicable to the composite systeq is a vector of velocities in each direction in an

reliability assessment area. Here, PSO is used for identifyingv-dimensional space where the particles are free to move.
loss of load states in the composite reliability study of Bbestz[-] is the vector of co-ordinates (or the point in
power system. The results shown are basic and the only indexhe space) which gives the personal best the particle has
Computed is the Loss of Load Probability (LOLP) encountered so far.

presentz|-] is the present position of the particle.
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rand) is a uniformly distributed random number between Ochosen to be the desired culminating point. This is described

and 1, which accounts for randomness in the social
behavior or bird flocking.

in the algorithm.

c1 andc, are parameters that need to be carefully chosen for Algorithm

each application. This requires a careful study of the

dynamics of the particle. 1)

2)

On the right hand side of the equation];] incorporates
momentum of the patrticles in the dynamics. This term is used
in order to prevent the particles from getting stuck at a local
optimum. There are some variations on this which can be
found in [16]. The second term represents the tendency to
move towards the position giving their personal best, while
the last term denotes motion towards the group best.

After the velocities are computed, they are added to the
positions of the particles to give the new positions in the space.

)

This method is similar to many evolutionary techniques
such as GA. However, a fundamental difference between
PSO and other evolutionary methods is that evolutionary
methods simulate evolution: the population evolves based
on competition and survival of the fittest, while PSO stems
from simulating social behavior: the particles move according
to cooperation and competition among individual elements.
This method has several distinct advantages over methods
like genetic algorithms. This method is very fast because the
interactions among the particles is minimum: each particle
communicates with only the particle at the location giving the
gbest, unlike in GA, where each particle must interact with
each other. Storage requirement is also much less. The only
data we need to store is the current positions of the particles
and the positions giving their personal best.

presentx[| — presentz[] + v[]

IIl. APPLICATION TORELIABILITY ASSESSMENT

The state space is a G-dimensional space where G is the
number of generators in the system. Each patrticle is a point
in this space whose value changes according to the equations
in the previous section. So each particle position is denoted
by (x1, 22, x3, 24, ..., xc). This denotes a particular generation
scenario, i.e, the availability or unavailability of the generators.
Each coordinate can assume a value of either 1. A value
of 0 implies the generator is unavailable, while a valuel of
denotes availability. For each point, or in other words, each
combination of available or unavailable generators, the fitness
value was chosen to be the minimum load curtailment for that
generation scenario. So the particles will move to the point
which maximizes the load curtailment. Clearly, this point is
the origin, (where none of the generators is available). During
the movement of the particles towards the origin, they visit
other states. Each state is tested for loss of load. If the preseng)
state turns out to be a loss of load state, then it is compared
against a database to see if this state has been encountered
before. If not, then the probability of this state is added to the
LOLP. However, for our purpose, the origin was not chosen to
be the point with the best objective. This was because in such a
case, the particles missed several significantly contributing loss
of load states. So a point slightly removed from the origin was

Randomly allocate positions to the particles.

For each particle compute the fitness function. The
fithess function in this formulation is the minimum load

curtailment given the generator availabilities, for the
given demand, subject to the network constraints. A DC
load flow model [7] as shown below is used.

Ny
Loss of Load= Min Z C;

i=1

subject to:
BO+G+C = D
G S Gmaw (3)
C < D
bA9 < Fpee
—bAO) < Ener
G,C > 0
0 unrestricted
where
N, = number of buses
Ny = number of transmission lines
C = Ny-vector of bus load curtailments
C; = j-th element ofC, i.e., unsatisfied demand at
busi
D = Ny,-vector of bus demands

G™** = N,-vector of available generation at buses

Fne® = Ni-vector of forward flow capacities of
transmission lines

Fme* = N;-vector of reverse flow capacities of
transmission lines

G = N,-vector of dispatched generation at buses

0 = N,-vector of bus voltage angles

b = N; x N, primitive (diagonal) matrix of
transmission line susceptances

A = N; x N, element-node incidence matrix

B = N, x N, augmented node susceptance matrix

= ATHA
If the curtailment is not zero, check if that state has been
accounted for. This is done by using an array, where the
decimal equivalent of the state is used to index a boolean
value, which says whether the state was encountered
earlier or not. If the state was not encountered earlier,
then add the contribution of this state to the LOLP and
mark the state as visited.
The G-vector andC-vector obtained from the solution
of equation (3) gives the dispatched generation and the
minimized curtailment. The dispatch for each generator
is used to compute the next state for each particle as
follows:

(a) Compute the velocity as:

v[] =v[]+rand) x (gbestx[-] — presentz[-]) (4)



4)

where, presentz|-] is a vector of the actual generator
despatches (and not the generator availability states of
0 or 1). Thegbestz[-] point is slightly away from the

origin, where each component has a value of 40% of V V
the generating capacity of the respective unit. Fhest
position was not taken to be the origin because the states
near to the origin contribute less to the LOLP. Further,
choosing the origin as the desired culminating point 4 2
makes the particles rush into it, thereby skipping many

loss of load of states in between. So a point relatively @ @
away was chosen so that when the particles try to move

to this point they encounter more loss of load states with Fig. 1. Four Bus Test System.
higher probabilities. Various fractions of the generating
capacity were tried and 40% gave the best results for
this test system.

(b) After the computation of the ‘velocity’, add this to
the current despatch.

Four cases were generated by varying the generating ca-
pacities, loads and the transmission line capacities. These are
presented below:

1) Case I: The generating capacities and the loads are

presentaj[~] — presentx[-] + UH (5) tabulated in Table I.
(c) Now, reduce the particle positions to their binary TABLE |
states using the following criteria: if the computed CASE I: GENERATION AND LOAD
generation is less than 50% of the capacity, the generator Bus | Generating | Load
goes to the down state. In other words, that component : Capa‘i'é%(’\"w) ("%V)
of the particle position transits to 0. 2 200 70
It is noteworthy that the generator despatches do not 2 15500 ;8

bear any temporal relationship to the actual generation
schedule of a generating unit, and that there is no
relationship between any two consecutive states. TheT
transition of one state to another merely constitutes a
sampling of the state space. TABLE I

Test for convergence of the index. The simulation stops CASE |: LINE CAPACITIES
when the index has stabilized. This is said to be true if From | To | Capacity
the relative change in the index stays below a threshold Bus | Bus | (MW)
value for a number of consecutive iterations:

> ALOLP
Lotp ¢ ©)
where,) ", ALOLP is the total change in the obtained

LOLP estimate ovek consecutive iterationg; being a ] ) ] .
predetermined integer, anda predetermined tolerance. For this scenario the different generator states along with the

This is equivalent to occurrence of either of the followminimum curtailment (fitness) and exact state probabilities are
ing two conditions: tabulated in Table IlI.

" . : : o The algorithm could identify the following loss of load
« Condition 1 is true if the index stabil ft f-
ﬁggn;nl/orargg o ot s aen’;; oo iAo i.;ates: 1001, 1000, 0000, 0100, 0111, 0011, 0001, 0101, 1011,

. - : .. 1010, 1110.
undergo significant relative change. This conditio '
is dominant in large sample spaces. Thus, the LOLP was found to be 0.0324. The LOLP

« Condition 2 is true if previously visited loss ofcomputbed b¥ Ienum?rlatlc()jn \t’v?s 0.'(?323'_ d: 11 out of 14
load states are encountered consecutively for a se umber ot loss of load states identined: out of L=

number of times. This condition is dominant in ) Case Il: The generating capacities and the loads are

small sample spaces, where in order for the ind&?l_uhlatfd In Tgbl_e IVl_. i tabulated in Table V
to stabilize, the particles would have to keep on € transmission fine capacities are tabulated in fable V.

revisiting loss of load states for a much longer time .F.Or this scenario the _dn‘ferent generaor states along.vy|th the
minimum curtailment (fitness) and exact state probabilities are
than necessary. X
If th ) o . ith f th tabulated in Table VI.
t((ja”stopplng crltenor'\ 'T met, 1.e., eit erzoht € sz The algorithm could identify the following loss of load
conditions Is true, stop; else repeat steps 2 through 4qia1e: 0100, 0000, 1010, 1011, 0011, 0111, 0010, 0101, 0110,
1100, 0001.

he transmission line capacities are tabulated in Table II.
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B. Test System Thus, the LOLP was found to be 0.0219. The LOLP
The above procedure was applied to the 4-bus system shavamputed by enumeration was 0.0220.
in Fig. 1: Number of loss of load states identified: 11 out of 13.



CASE l: MINIMUM CURTAILMENT FOR VARIOUS GENERATOR STATES

TABLE Il

TABLE VII
CASE Ill: GENERATION AND LOAD
Bus Generating Load
Capacity (MW) | (MW)
1 100 40
2 150 120
3 50 50
4 200 60
TABLE VII
CASE Ill: L INE CAPACITIES
From | To [ Capacity
Bus | Bus (MW)
1 3 50
1 4 20
4 2 20
2 3 40
1 2 30
TABLE IX

CASE Ill: M INIMUM CURTAILMENT FOR VARIOUS GENERATOR STATES

State | Curtailment | State Probability
Mw)
0000 280 1.464 x 108
0001 230 1.316 x 106
0010 146 1.316 x 106
0011 93.75 1.118 x 104
0100 103.33 1.316 x 106
0101 66.66 1.183 x 10~ *
0110 53.33 1.180 x 104
0111 26.66 1.060 x 10—2
1000 180 1.316 x 106
1001 130 1.183 x 104
1010 52.85 1.830 x 104
1011 2.857 1.060 x 10—2
1100 9.99 1.183 x 10~ *
1101 0 1.060 x 102
1110 3.32 1.060 x 10—2
1111 0 0.95672
TABLE IV
CASE II: GENERATION AND LOAD
Bus Generating Load
Capacity (MW) | (MW)
1 200 110
2 50 70
3 250 50
4 100 40
TABLE V
CASEIl: LINE CAPACITIES
From To Capacity
Bus | Bus (MW)
1 3 50
1 4 50
4 2 20
2 3 20
1 2 30
TABLE VI

CASE Il: MINIMUM CURTAILMENT FOR VARIOUS GENERATOR STATES

State | Curtailment | State Probability
Mw)

0000 270 1.464 x 10~8
0001 176.67 1.316 x 106
0010 156 1.316 x 106
0011 50 1.118 x 104
0100 220.77 1.316 x 106
0101 120 1.183 x 10~%
0110 100 1.180 x 104
0111 2.727 1.060 x 10—2
1000 70 1.316 x 106
1001 24.28 1.183 x 104
1010 29.09 1.830 x 104
1011 | 4x10~% 1.060 x 10—2
1100 20 1.183 x 104
1101 0 1.060 x 102
1110 0 1.060 x 10—2
1111 0 0.95672

State | Curtailment | State Probability
(Mw)

0000 270 1.464 x 108
0001 170 1.316 x 10~
0010 220 1.316 x 106
0011 120 1.118 x 104
0100 120 1.316 x 106
0101 48 1.183 x 10~%
0110 70 1.180 x 10~ *
0111 0 1.060 x 102
1000 170 1.316 x 106
1001 92 1.183 x 104
1010 120 1.830 x 104
1011 52 1.060 x 102
1100 26 1.183 x 10~%
1101 0 1.060 x 102
1110 20 1.060 x 10—2
1111 0 0.95672

The algorithm could identify the following loss of load
states: 0100, 0101, 0011, 1011, 1010, 0010, 0110, 1100, 1110,
1001, 0100.

Thus, the LOLP was found to be 0.0220. The LOLP
computed by enumeration was 0.0220.

Number of loss of load states identified: 10 out of 13.

4) Case IV: The generating capacities and the loads are
tabulated in Table X.

TABLE X
CASE IV: GENERATION AND LOAD

Bus Generating Load
Capacity (MW) | (MW)

1 150 80

2 50 60

3 200 120

4 100 40

The transmission line capacities are tabulated in Table XI.

3) Case lll: The generating capacities and the loads are For this scenario the different generator states along with the
tabulated in Table VII.

The transmission line capacities are tabulated in Table Vithbulated in Table XII.

For this scenario the different generator states along with theThe algorithm could identify the following loss of load
minimum curtailment (fithess) and exact state probabilities astates: 0001, 0000, 1101, 0101, 0100, 1010, 1011, 1000, 1001,
tabulated in Table IX.

minimum curtailment (fitness) and exact state probabilities are

0110.



CASE IV: MINIMUM CURTAILMENT FOR VARIOUS GENERATOR STATES

TABLE XI
CASE IV: LINE CAPACITIES

From | To | Capacity
Bus | Bus (MW)
1 3 30
1 4 40
4 2 20
2 3 30
1 2 50
TABLE XII

analysis of composite power systems. The method was vali-
dated by applying it to a small 4-bus test system with which
the results could be validated manually.

While the framework within which the PSO method has
been applied in this research is similar to that of non-sequential
Monte Carlo simulation, it was felt that the method has
considerable promise, particularly due to its ability to seek out
failure states more selectively than Monte Carlo simulation.

As can be seen from the results provided, the method
works for the small system. However, both the formulation
and the results shown here represent the outcome of prelimi-

(5]

Thus, the LOLP was found to be 0.0218. The LOLP
computed by enumeration was 0.0220. [6]
Number of loss of load states identified: 10 out of 13.

(7]

IV. RESULTS
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TABLE XIlI
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