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Abstract: This paper proposes an effective approach based on binary coding Particle Swarm 
Optimization (PSO) to identify the switching operation plan for feeder reconfiguration. The 
proposed method considers the advantages and disadvantages of existing particle swarm 
optimization method and redefined the operators of PSO algorithm to fit the application field of 
distribution systems. Shift operator is proposed to construct the binary coding particle swarm 
optimization for feeder reconfiguration. A typical distribution system of Taiwan Power Company 
is used in this paper to demonstrate the effectiveness of the proposed method. The test results 
show that the proposed method can apply to feeder reconfiguration problems more effectively 
and stably than existing method. 
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1. INTRODUCTION 
 
There are numerous switches on distribution system 

in general. These switches are divided into two types: 
sectionalizing-switches (normal closed) and tie-
switches (normal open). By changing the on/off status 
of distribution feeder switches, or feeder 
reconfiguration, loads can be transferred from one 
feeder to an adjacent feeder to redistribute loads. 
Feeder reconfiguration can be used to maintain system 
balance, reduce feeder losses and improve system 
reliability. 

Many researchers studied the feeder reconfiguration 
problems using different methods in the past decades. 
The results of these researches provide acceptable 
solutions for feeder reconfiguration problems. 
Heuristic methods to minimize power losses and 
improve the searching speed were proposed in [1]. 
Soft computing approaches were also applied to the 
problem extensively, for example, neural network [2], 
simulated annealing (SA) [3], genetic algorithm (GA) 
[4,5] and evolutionary programming (EP) [6,7]. 
Algorithms based on concept of mimicking swarm 
intelligent are popular in recent years. For instance, 
ant colony optimization (ACO) [8-10] and particle 

swarm optimization (PSO) [11] are the algorithms that 
can be applied to the field of optimization problems. 
These algorithms are also applied to the problems of 
power distribution system gradually. 

Kennedy and Eberhart [12,13] proposed an 
approach called PSO (typical PSO) in 1995. There are 
many similarities between PSO and Genetic 
Algorithm (GA). Both algorithms produce an initial 
solution randomly at first. Through iterations of the 
evolution process, optimal solution can be obtained. 
The major difference between GA and PSO is that 
PSO have no explicit selection, crossover and 
mutation operations [14]. Searching process in PSO is 
based on the previous best solution of a particle and 
the best solution of the population so far to update 
particle’s information. Due to the searching 
mechanism designed in PSO, the probability of falling 
into local solution for PSO algorithm can be reduced. 
Also, PSO is simple and is easy to implement than 
GA. Thus, PSO is a powerful algorithm to aid and 
speed up the decision-making process for feeder 
reconfiguration problem to identify the best switching 
strategy. 

However, the typical PSO is designed for 
continuous function optimization problems; it is not 
designed for discrete function optimization problems. 
Fortunately, Kennedy and Eberhart proposed a 
modified version of PSO called Binary Particle 
Swarm Optimization (BPSO) that can be used to solve 
discrete function optimization problems [15]. In [11], 
BPSO is used to solve the black-start restoration 
problems. Although BPSO has been used to solve the 
problems in the distribution systems, this paper tries 
to construct a more feasible discrete PSO scheme 
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based on typical PSO for feeder reconfiguration. The 
simulation results will compare the proposed method 
and BPSO to verify the performance and effectiveness. 

 
2. PROBLEM FORMULATION 

 
Feeder reconfiguration is performed by opening/ 

closing of sectionalizing-switches and tie-switches in 
distribution systems. The operation of changing on/off 
status of these switches can reduce line losses or 
increase the system reliability. The constraints should 
be considered during configuration. These constraints 
include: the resulting structure of distribution system 
must maintain radial structure, feeder capacity should 
not exceed and feeder voltage profile should be 
maintained. Since the solution of feeder configuration 
is the combinations of open/closed switches, the 
feeder reconfiguration problems can be treated as ‘1’ 
& ‘0’ permutation combinational optimization 
problems. ‘1’ represents a normal closed switch and 
‘0’ represents a normal open switch. Considering a 
simple system shown in Fig. 1, the order of switch 
permutation is sw1, sw2, …, sw5 in turn. Thus, the 
status of switch permutation of the system in Fig. 1 is 
[1 1 0 1 1]. The result of feeder reconfiguration is 
shown in Fig. 2, and the switch permutation becomes 
[1 0 1 1 1]. 

Two objectives are considered in this paper. The 
first is to minimize the total line losses during normal 
operation. By doing so, the operation of distribution 
system will be more economic. The second objective 
is to distribute loads on feeders evenly. Balanced 
feeder loads can increase the opportunity of load 
transfer during emergency conditions. The method 
proposed in this paper ensures that structure is 
maintained in radial, ampacity of conductors is kept 
within allowable limits while minimizing the total line 
losses and load balancing. “Concentric load model” is 
used in this paper for calculating branch currents. The 
line losses can be formulated as follows: 
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where Floss is the total power losses of distribution 
feeders, n is the total numbers of zones in distribution 
system, Ii is the current magnitude of the i-th zone and 
zi is the line impendence of the i-th zone. The load 
balance index is expressed as following:  
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where k is number of feeder. Capm or Capn represents 
the total load current of a feeder m and n respectively. 
The total feeder loads can be calculated as following: 
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where Loadi,j ∈  Feederi, i is the feeder number, and j 
is the load zone number within feeder i. 

In order to calculate the fitness value of the system 
represented by a particle, the method proposed in [7] 
is used to integrate the two objective functions.  

 
3. PROPOSE APPROACH 

 
3.1. Typical particle swarm optimization 

Original concept of PSO came from the study of 
simulating behavior of bird flocking to look for food. 
A possible solution for each optimal problem is 
represented as a particle that is just like a bird flocking 
in a D-dimensional searching space. Each individual 
particle has a fitness value evaluated by objective 
function to pick a good experience for itself and 
population respectively. PSO initializes particles of 
population randomly first. Each particle changed its 
searching direction based on two best values or 
experiences in each iteration. The first one is the best 
searching experience of individual so far and is called 
pbest. The other one is the best result obtained so far 
by any particle in the population and is called gbest. 
When pbest and gbest are obtained, a particle updates 
its velocity and position based on (4) and (5). At last, 
the algorithm will check the results every iteration 
until the best solution is found or terminate conditions 
are satisfied. 
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In the above equations, vid is the original velocity of 
i-th particle, new

idv is the new velocity of i-th particle, 
w is the inertia weight, c1 and c2 are the acceleration 
constants, xid is the original position of i-th particle, 

new
idx is the new position of i-th particle and rand() is a 

random number ranging between 0 and 1. 
The purpose of updating formula is to lead particles 

 

 

Fig. 1. A simple distribution system. 
 

 

Fig. 2. Result of feeder reconfiguration. 
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moving toward compound vector of pbest and gbest. 
By doing so, the opportunity for particle to reach the 
target (optimal solution) will be increased. In addition, 
there are interferences in the formula to prevent the 
algorithm falling into local optimum. The inertia 
weight in the formula is used to adjust searching areas. 
A larger inertia weight will motivate the algorithm 
toward a global search; a smaller one will force the 
PSO toward a local search. The searching diagram of 
typical PSO is shown in Fig. 3. 

 
3.2. Binary particle swarm optimization 

Kennedy and Eberhart proposed a binary version of 
PSO for discrete problems [15]. In the binary version, 
the particle’s personal best and global best is still 
updated as in the typical version. The major difference 
between binary PSO and typical PSO is that the 
relevant variables (velocities and positions of the 
particles) are defined in terms of the changes of 
probabilities and the particles are formed by integers 
in {0, 1}. Therefore, a particle flies in a search space 
restricted to zero and one. The speed of the particle 
must be constrained to the interval [0, 1]. A logistic 
sigmoid transformation function ( )new

idS v  shown in 
(6) can be used to limit the speed of particle. 
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The update equation of BPSO can be done in two 
steps. First, (4) is used to update the velocity of the 
particle and the sigmoid function, (6), is used to limit 
the velocity in the interval [0, 1]. Second, the new 
position of the particle is obtained using (7) shown 
below: 
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where rand() is a uniform random number in the range 
[0, 1]. 

3.3. Binary coding particle swarm optimization 
Through the discussion of typical PSO in the 

previous section, the PSO algorithm can not be 
applied to feeder reconfiguration directly. Therefore, 
the typical PSO must be modified based on the 
characteristics of distribution feeder operations. Two 
issues are considered in the modification process. The 
first one is the problem of feeder reconfiguration is ‘1’ 
& ‘0’ permutation combinational optimization 
problem. The second issue is utilizing the shift 
operator that is used in computer programming 
languages. This research defines the shift operator and 
shift operator set using these two aspects. Shift 
operator and shift operator set can be used to construct 
the binary coding particle swarm optimization for 
distribution feeder reconfiguration. These two 
definitions and the proposed binary coding PSO will 
be discussed. 

 
3.3.1 Shift operator 

Suppose a normal distribution system that has m 
sectionalizing-switches (normal closed, N.C.) and n 
tie-switches (normal open, N.O.). The permutation 
combination of the status of all switches (s=m+n) is 
[S1, S2, …, Ss] and it will be called ‘sequence of 
switch states’, or SSS, in the rest of this paper. The 
shift operator is defined as SO (Biti, DirectionL,R, 
Stepc) and it means that an action will change the 
position of an N.O. in SSS. Biti is the index of i-th 
switch in SSS. DirectionL,R indicates the direction of 
left or right shifting on the i-th switch. Stepc is the 
number of shifting steps. The new permutation in SSS 
is defined as SSS’=SSS 〈+〉 SO. The symbol, ‘ 〈+〉 ’, 
represents the shift operator. It applies SO to SSS to 
get a new SSS’. 

A simple example is used to explain the operating 
process of shift operator. A distribution system shown 
in Fig. 4 has three feeders, seven N.C.s. and two 
N.O.es. The SSS of this system is denoted as [1 1 0 1 
1 1 0 1 1]. Supposing a SO(3, R, 1) is applied on this 
SSS. The process of operation is described as Fig. 5. 

 

 
Fig. 4. A simple 3-feeders distribution system. 
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Fig. 3. Searching diagram of typical PSO. 
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When a N.O. shifts, a ‘1’ (N.C.) needs to be filled-in 
at its original position to maintain system structure. 

 
3.3.2 Shift operator set 

A set with at least one or more shift operators is 
called shift operator set (SOS). An SOS represents all 
actions about how to fill-in or shift normal open 
switches on distribution systems. The definition of 
shift operator set is as below: 

{ }1 2, ,..., nSOS SO SO SO= ,    (8) 

where n is the number of shift operators. 
Considering two SSSes, SSS1 and SSS2, a set of 

shift operators which transfers SSS1 to SSS2 needs to 
be identified. Two SSSes, SSS1=[1 1 0 1 1 1 0 1 1] 
and SSS2=[1 0 1 1 1 1 1 0 1], are used to explain how 
the shift operators are acquired. By comparing the 
position of normal open switch one by one in these 
two SSSes, the SOS can be obtained. The 
determination of the shift operator set and the result 
are shown as Fig. 6. In this example, SOS={SO1, 
SO2}= SSS2 Θ SSS1. The symbol, ‘ Θ ’, is used to 
indicate an action to obtain the shift operators from 
SSS1 to SSS2. 

Base on above process, (pbest - xid) and (gbest - xid) 
in formula (4) can be rewritten as (pbest Θ  xid) and 
(gbest Θ  xid) respectively. The xid, pbest and gbest 
represent different SSSes in this description. This 
process will transfer an SSS to a new one which is 
closer to the best switch plan. 

 
3.3.3 Constructing binary coding PSO 

The definitions of shift operator and shift operator 
set are discussed in previous sections. The update 
formulas (4) and (5) of PSO can be redefined to solve 
the problem of feeder reconfiguration. The new 

update formula for the proposed binary coding PSO is 
as below: 
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The symbol, ‘ ⊕ ’, shown in (9) is used for 
combining two shift operator sets. The symbol, ‘ ⊗ ’, 
is the operator that is used to shift the number of steps. 
The symbol, ‘ 〈×〉 ’, is used to select the number of 
shift operator, SO, in (pbest Θ xid) or (gbest Θ xid) 
randomly. xid is the original SSS of the i-th particle; 
pbest is the best SSS of the i-th particle; gbest is the 
best SSS of any particle in the population. vid is the 
original shift operator set of the i-th particle, new

idv is 

the new shift operator set of the i-th particle. new
idx is 

the new SSS of the i-th particle. rand() is a random 
number with a range of [1, n] where n is the number 
of SO in SOS.  

In (9), w is the inertia weight. The role of w is used 
for adjusting searching areas. The searching areas are 
reduced progressively when the number of iteration 
increases. The calculation of inertia weight is shown 
as (11). 
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max
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nowiteration iteration
w ShiftStep

iteration
−
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A simple example is used to show how the 
proposed method works. Based on the system shown 
in Fig. 4, xid, pbest and gbest represent different SSSes 
are given below: 

xid : [1 1 0 1 1 1 0 1 1], 
pbest : [1 0 1 1 1 1 1 0 1], 
gbest : [1 1 1 0 1 0 1 1 1]. 

The SOS can be derived from (pbest Θ xid) and 
(gbest Θ xid) as: 

(pbest Θ xid) = {(3, L, 1), (7, R, 1)}, 
(gbest Θ xid) = {(3, R, 1), (7, L, 1)}. 

The three parts in formula (9) can be expressed as 
following:  

w ⊗ vid = {(3, R, 2), (7, R, 2)}, 
rand() 〈×〉 (pbest Θ xid) = {(3, L, 1)}, 
rand() 〈×〉 (gbest Θ xid) = {(7, L, 1)}. 

According to (9), the new
idv contains four SOes, (3, 

L, 1), (3, R, 2), (7, L, 1) and (7, R, 2). Combining 
these four SOes, the final new

idv contains two SOes, (3, 

R, 1) and (7, R, 1). Finally the new SSS, ,new
idx  will 

be [1 1 1 0 1 1 1 0 1] according to (10). 

 

1 1 0 1 1 1 0 1 1SSS1

1 10 1 1 1 01 1SSS2

Comparing position of normal-open switch one by one

=>SO1(3, L, 1)

Bit 3 to Bit 2 Bit 7 to Bit 8

=>SO2(7, R, 1)

Comparing direction

Fig. 6. Decision process of shift operator set.  

1 1 0 1 1 1 0 1 1SSS

SO(3, R, 1)

1 1 01 1 1 0 1 1 SSS’
Filled-in

Fig. 5. Basic operating process of shift operator. 
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The procedure of proposed binary coding PSO is 
summarized as following: 
a) Set the size of population and other parameters 

such as number of iterations and maximum shift 
steps. 

b) Initialize the SSS and shift operator sets randomly 
to produce particles. 

c) Evaluate the fitness value for each particle. 
d) Compare the present fitness value of i-th particle 

with its historical best fitness value. If the present 
value is better than pbest, update the information 
including SSS and fitness value of pbest. 

e) Compare present fitness value with the best 
historical fitness value of any particle in 
population. If the present fitness value is better 
than gbest, update the information including SSS 
and fitness value for gbest. 

f) Update the shift operation set and generate a new 
SSS of the particle according to (9) and (10), 
respectively. 
•  If the bit index of an N.O. switch in new

idx  
equals to the index of an N.O. switch in the 
original xid, then the index of this switch must 
be shifted right or left few steps randomly. 

•  If the bit index of an N.O. switch in new
idx  

after shifting exceeds the bit range, then the 
index of this switch will be set to the index of 
an N.O. switch represented in xid, pbest or 
gbest randomly. 

•  If a generated SSS contains fewer numbers of 
N.O. switches, then the bit indexes of N.C. 
switches that are in xid, pbest and gbest are 
chosen and assigned as an N.O. switch. If the 
revised SSS still has fewer numbers of N.O. 
switches, then any bit index within the legal 
range is assigned randomly until the SSS 
contains enough number of N.O. switch 
indexes. 

g) If stop criterion is satisfied then stop, otherwise go 
to step c). The stop criterion is the count of 
iteration reaches the maximum number of iteration. 

 
4. SIMULATION RESULTS 

 
A four-feeder distribution system is used to test the 

performance of the proposed algorithm. This system is 
taken from Taoyuan division, Taiwan Power 
Company, Taiwan. The system has 24 sectionalizing-
switches, 8 tie-switches and 28 load-zones, as shown 
in Fig. 7. The capacity of each feeder is shown in 
Table 1. The objective functions are: minimizing 
feeder loss and load balancing index without violating 
operation constraints. The proposed method and the 
algorithms described in [15] were implemented using 
Java language for comparison purposes. Relevant 
parameters are set as follows. The size of population 

is 10 for both methods. Maximum number of iteration 
is set to 1000 for both methods as well. The inertia 
weight, learning factor of c1 and c2 for the methods 
[15] are set to 0.8, 2.0 and 2.0, respectively. In order 
to obtain the results and calculate the average 
performance, 10 runs were performed for each method.  

The comparisons of the results from the two 
algorithms are shown in Table 2. The Max, Min and 
Average in Table 2 indicate that the maximum, 
minimum and average losses and load balancing index 
values in 10 runs respectively. The typical BPSO is 
not able to get a better result than proposed algorithm 
due to the higher probability of inadequate number of 
tie-switches represented by particles. The average 
values of losses and load balancing index of typical 
BPSO are higher than proposed method also. The 
feeders which represent of maximum fitness value of 
feeder reconfiguration of proposed method and the 
typical BPSO method are shown in Figs. 8 and 9 
respectively. Table 3 shows the results of switch 
operations for proposed method and typical BPSO. It 
shows that less switch operations are generated in the 
proposed method. Table 4 lists the comparison of total 

Table 1. Capacity of each feeder. 
Feeder ID F1 F2 F3 F4 

Capacity (Amp) 500 500 250 500 
 

Table 2. Results and comparisons of two algorithms. 

Method Binary coding 
PSO 

Typical BPSO
[15] 

Max 452kW 478kW 
Min 322kW 326kW Loss 

Average 352kW 370kW 
Max 351944 531224 
Min 164296 175432 

Load 
Balance
Index Average 225105 293192 

 
Table 3. The results of switch operations. 

Method Switch Operation Pair 

Binary Coding PSO {(S4, S31), (S13, S20), 
(S18, S32)} 

Typical BPSO [15] {(S4, S28), (S6, S7),  
(S10, S16), (S13, S21)}

 
Table 4. The comparison of the feeder loading. 

Feeder ID
Method  F1 F2 F3 F4 

Original system 176 146 171 203
Proposed Binary 

Coding PSO 193 170 122 211

Typical BPSO [15] 151 167 110 268
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Fig. 7. A four-feeder distribution system for testing. 

 

 

Fig. 8. The final feeder configuration found by the proposed method. 
 

 

Fig. 9. The final feeder configuration found by the typical BPSO method.  
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loads of each feeder for original system, the best 
solution found by the proposed method and the best 
solution obtained from the typical BPSO. All these 
results indicate that the proposed method provides 
better and more reliable solutions than typical BPSO 
method for minimizing line losses and load balancing 
problems. 

 
5. CONCLUSIONS 

 
Feeder reconfiguration problems are non-linear 

discrete optimization problems in nature. Constructing 
a binary coding particle swarm optimization based on 
typical PSO to solve this problem is proposed in this 
paper. In addition, minimizing total line losses and 
load balancing without violating operation constraints 
are the objective functions used in this paper. The 
simulating results show that the proposed method can 
solve the problem of feeder reconfiguration 
effectively and stably. 
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