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Abstract 

There are a large amount of advantages to make efficient load phase balancing, such as 

loss minimization, energy restoration, security, reliability and voltage balance. Optimal load 

phase balance is obtained by solving the load re-distribution problem as a combinatorial 

optimization problem. This enables the best switching option that gives a balanced load 

arrangement among the phases and minimizes power loss to be arrived at. In this paper, 

adding decaying self-feedback continuous neural network (ADSCHNN) is applied to realize 

phase swapping for load re-arrangement in the low voltage circuit of the distribution network. 

The network energy function of the ADSCHNN is constructed for objective function that 

defines the load phase balancing problem. The ADSCHNN is applied to solve the problem 

when load is represented in terms of current flow at the connection points, and when load is 

defined in terms of the real power. The results obtained using ADSCHNN are compared with 

those from a heuristic algorithm, and from fuzzy logic expert system. Simulations results on 

real practical data show that the ADSCHNN is very effective and outperforms other known 

algorithms in terms of the maximum difference of the phase currents or powers. 

Keywords: Phase swapping, load phase balancing, adding decaying self-feedback 

continuous neural network (ADSCHNN), power loss, load distribution 

 

1. Introduction 

It is well known that customers are supplied three-phase or single-phase from the feeder of 

the secondary distribution networks. As a consequence, the currents in the three-phase 

sections are never completely balanced and, in many cases, can be significantly out of balance. 

It is not uncommon to have as much as 50% difference in magnitude between the highest and 

lowest loaded phases. In most practical cases, the asymmetry of the loads is the main cause of 

unbalance. At the high-voltage (HV) and the medium-voltage (MV) levels, the loads are 

usually three-phase and balanced, although large single- or dual-phase loads can be connected. 

At the low-voltage (LV) side, loads are usually single-phase, e.g., household general 

consumption, which includes PCs, lighting systems, etc. A single-phase load may be 

connected to any of the three phases of the feeder. Each feeder in a distribution system 

usually has a mix of residential, commercial and industrial customers with varying demands 

depending on the season of the year. Because of load changes and the diversity of loads being 

on or off, the three-phase imbalances may be substantial. Balancing is accomplished by 

selecting the phase of the supply for each load so that the total load is distributed as evenly as 

possible between the phases for each section of feeder. The balancing procedure must 

consider all possible combinations of phase loads connecting to three phases. 

There are a number of benefits that make efficient load phase balancing a worthwhile 

objective. Phase balancing reduces feeder losses because each phase peak reduction affects 
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the losses for the phases as the square of the current magnitude. Loading on a feeder section is 

synonymous with the most heavily loaded phase and, in the case of significant imbalance, 

feeder capacity is used inefficiently. Balancing between phases tends to equalize the phase 

loading by reducing the largest phase peak load while increasing the load on other phases. 

This equates to releasing feeder capacity that can be used for future load increase without 

reinforcing feeder conductors. Released feeder capacity provides more reserve loading 

capacity for emergency loading conditions. Balancing not only reduces feeder losses, but also 

improves voltage on a feeder by equalizing the voltage drops in each phase along the feeder. 

It is realistic to assume that the benefits in improved use of feeder capacity and improved 

voltage quality are as significance as the value of loss reduction except when loading is 

already high. Conventionally in South Africa, to reduce the unbalance current in a feeder, the 

connection phases of some feeders are changed manually after some field measurement and 

analysis. Although in some cases this process can improve the phase current unbalance, this 

strategy is more time-consuming, requires supply interruption, unsafe and only last for a 

while before the process is repeated again [1]. 

There are two approaches for phase balancing [2]: one is feeder reconfiguration at the 

system level; the other is phase swapping at the feeder level. Feeder reconfiguration is a 

process of changing the topological structure of distribution systems by altering the 

open/closed status of single phase sectionalizing and tie switches, while phase swapping is a 

process of changing the topological structure of distribution systems by altering the 

open/closed status of single-phase sectionalizing and tie switches. Feeder reconfiguration is 

more popular for researchers than phase swapping. Many researches have studied the feeder 

reconfiguration in the past several decades. Several methods and heuristic algorithms have 

been proposed for feeder reconfiguration, among which are simulated annealing(SA)[3], 

neural networks [4, 5], genetic algorithms[6], tabu search (TS) [7, 8], particle swarm 

optimization(PSO) [9], and other heuristic algorithms [10-17]. 

Since feeder reconfiguration is primarily designed for load balancing among the feeders, it 

cannot effectively solve phase balancing problem [18]. Compared with feeder reconfiguration, 

the phase swapping method has been studied by few researches. Zhu et al., [18] proposed a 

mixed-integer programming formulation for phase swapping optimization, which is suitable 

for the linear objective function. Zhu et al., [19] applied simulated annealing to solve a power 

distribution phase balancing problem with phase swapping method, when phase balancing 

problems are modeled as non-linear integer programming. Siti et al., [1] proposed a heuristic 

method for the phase balancing by phase swapping and compared the heuristic algorithm and 

neural network. Ukil and Siti [20] proposed a fuzzy logic-based load balancing system along 

with a combinatorial optimization-based implementation system for implementing the load 

changes to reduce the feeder unbalancing. 

For phase swapping, the solution involves a search over relevant switches. Therefore, 

the loads distribution is a combinatorial optimization problem. Since phase swapping is 

a complicated combinatorial optimization problem, it is hard to get an optimal load 

distribution in a large-scale distribution system at a feasible computing time. In this 

paper, adding decaying self-feedback continuous Hopfield neural network (ADSCHNN) 

[21] is used to solve the low voltage feeder load phase balancing problem after the 

energy function is constructed for load phase balancing problem, which can solve the 

combinatorial optimization problem very well. The ADSCHNN is presented by adding 

an extra self-feedback to every neuron of continuous Hopfield neural network (CHNN). 

The extra self-feedback makes the energy of CHNN not to always decrease with time, 

but increase or maintain. Through the increasing of energy, the ADSCHNN may lead to 

avoiding the local optimal values. And the ADSCHNN can be realized by hardware. It 
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can provide the fast searching operation. It has been successfully applied to solve 

combinatorial optimization problem-traveling salesman problem in [21]. Therefore, the 

ADSCHNN is applied to solve the load phase balancing problem. The comparisons 

between the ADSCHNN and algorithms in [1] and [20] are conducted. The simulation 

results showed that the ADSCHNN has a better performance. 

 

2. Formatting Your Paper 

Loads are connected to the low voltage distribution system through switches as 

shown in Figure 1. 
1 n

L L  represent the loads and 
1 n

S W S W  represent the 

corresponding switch. Each load is only connected to one of the three phases by the 

switch selector. 

 

 
nL

1L

1SW nSW

 

Figure 1. Example of Distribution Feeder 

Load re-distribution involves the opening and closing of the switches to change the 

phase a load is connected such that the system power loss is minimized. To solve the 

loss reduction problem, the optimal operating condition of load re-distribution is 

obtained when line losses are minimized. The transfer of load must be conducted under 

certain objective function to minimize the total real power loss arising from line 

branches. Therefore, the total power loss function can be expressed as [1]: 

2 2

2

1

,

n

i i

L o s s i

i
i

P Q
P r

V


                                                                                                        (1) 

subject to the following constrains: 

1. The voltage magnitude of each node of each branch 
j

V  must lie within a 

permissible range, i.e., m in m ax

j j j
V V V  . Here a branch can be a transformer, a line 

section or a tie line with a sectionalizing switch. 

2. The line capacity limits. 

where 
i

r , 
i

P , 
i

Q , 
i

V are respectively the resistance, real power, reactive power and 

voltage of the branch i, and n is the total number of branches in the system. The aim of 

load balancing is to minimize the power loss represented by Equ.(1). 

In fact, the generalized load balancing problem presents a considerable 

computational burden for a distribution system of even moderate size because load 

balancing is a combinatorial optimization problem. Due to the nonlinear nature of the 

distribution system, a load flow operation has to be performed to determine a new 

system operating point for each iteration of an optimization algorithm. 
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3. Adding Decaying Self-feedback Continuous Hopfield Neural Network 

(ADSCHNN) 

The ADSCHNN is proposed by adding extra self-feedback to every neuron of the CHNN 

and decaying them. The differential equations of the ADSCHNN for the networks are 

 

 
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1
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i i

i i j j i i i i
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 (2) 

where 0
i

C  , 0
i

R  , 1, 2, ,i n ,   is the activation function, n  is the number of neuron, 

i
y  is the internal state of neuron i , 

i
x  is the output of neuron i , 

i
I  is the threshold 

value of neuron i , and 
i j

w  is the symmetric synaptic weight,  i i
T t  is extra self-

feedback. Like CHNN, the ADSCHNN also can be realized by VLSI. The energy 

function of ADSCHNN is 

 
1

0
1 1 1 1

1 1
.

2

i

n n n n
x

ij i j i i

i j i i i

E w x x x I x d x
R



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         (3) 

When the  i i
T t  decreases and approaches zero, the ADSCHNN is changed to CHNN. 

According to [22], the CHNN can move from any initial point in the state space in the 

direction of decreasing its energy E  and converging at one stable equilibrium point that 

is a minimum of the energy function. During the  i i
T t  decreases, the  i i

T t  can make 

the energy E  increase. Therefore, ADSCHNN may lead to avoiding the local optimal 

values and can converge at one stable equilibrium point. 

In order to simulate this neural network by software, Equ.(2) should be discretized. 

Choose the sigmoid function as  , i.e.,  
/

1

1 i
i i y

x y
e





 


,  0   . After Euler 

discretization of Equ.(2), we have 
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where t  is discrete time. Let 1

i i

t
a
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
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i

t
z k T k

C


 , then the discrete model of ADSCHNN is gotten as follows, 
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which has energy function '
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where  

'

1

n

ij i i
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E
w x k I

x 


  


 . Here '

E  is not only energy function of the network, but also 

the cost function to be minimized in a given Combinatorial Optimization Problem 

(COP). When the ADSCHNN is used to solve COP, the COP should be constructed to 

the energy of ADSCHNN. 
 

4. Problem Analysis and Energy Function Construction 

 
4.1. Load Balancing Problem Analysis 

From the description in Section 2, it is expressed that the load balancing problem is 

solved in terms of minimizing real power loss. In a three-phase four-wire system, 

Equ.(1) becomes 

2 2 2 22 22 23 3 3
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In general, each phase has the same internal resistance r which is constant. 

Therefore, Equ.(7) 
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constraining to 
1 2 3

I I I C   , C can be a complex or real constant depending on the 

load. To minimize the total real power losses means 
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 
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 (9) 

The method of Lagrange multipliers are used to solve Equ.(9). Create the non-

constrained function as 
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 
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The gradient for this new function Equ.(10) is 
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From Equ.(11), 
1 2 3

1

3
I I I C   can be obtained. Therefore, when 

1 2 3

1

3
I I I C   , the total real power losses are minimal. If the loads are pure 

resistance, the minimum power losses are achieved when 
1 2 3

3

P
P P P   , where 

 1, 2 , 3
i

P i   is the real power per phase and P is the sum of three phases real powers. So 

we can solve the load balancing problem by distributing equally the load current or 

power to three phases, according to the load property. 

4.2. Energy Function Construction for the ADSCHNN 

From the above analysis, we know the load balancing problem means all the loads 

are distributed to three phases equally, with minimum differences among the individual 

sums of three phases. These two parameters can be used for power or current. So there 

is an ideal phase balance of load 
id ea l

L o a d , which is equal to the one-third of the sum of 

all the loads 
1

1
( )

3

n

id ea l

j

L o a d L o a d j



  . n is the number of all the loads. The load balancing 

is complete, if the sum of every phase loads satisfies   
1

m

p h a se id ea l

i

L o a d i L o a d



 . m is the 

number of load points which are connected to one phase. Therefore, in a three-phase 

four-wire system, we have load balancing when 
1 2 3p h a s e p h a s e p h a s e

L o a d L o a d L o a d  . 

In order to solve the load balancing problem, the solution of load balancing problem 

is mapped to the ADSCHNN. So a transposition matrix with 3 n  is needed to show the 

configuration of all the loads. The component of the transposition matrix is either 1 or 

0. The transposition matrix also indicates the neuron output. At the same time, the 

energy function for load balancing problem is constructed considering under certain 

restrictions 

1) The transposition matrix has only one “1” component in the one column. 

2) The sum of the all component of transposition matrix is n. 

3) The difference among the individual sums of all the loads in three phases is 

minimum, which means the total line losses are minimum. 

Point 1) above means each load is connected to only one feeder. Point 2) above 

indicates the number of closed switches equals the number of loads connected. Point 3) 

above is an object function. From 1, 2 and 3, we construct the energy function as 
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Equ.(12), where L oad  is a matrix with 1 n  containing all the loads. , ,A B C  are the 

coupling parameters corresponding to the constraints and the object function.  

2 2
3 3 3 3

1 1 1 1 1 1

1

( )
2 2 2

n n n

ij l j i j i j id e a l

j i l i i j i j
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The first two terms in Equ.(12) correspond to 1) and 2).  It is, if 1) and 2) are 

satisfied at the same time, that the first two terms of Equ.(12) are equal to zero, 

otherwise, they are not zero. So the two terms are the constrained terms. When the 

constrained terms are equal to zero, Each load only belongs to one phase. The third 

term is object function. 1
i j

x   denotes that load j  is connected to 
i

P h , while 0
i j

x   

denotes that load j  is not connected to 
i

P h . If the difference among the individual 

sums of all the loads current in three phases is the smallest, the object function is 

minimum. 

From Equ.(12), we have 
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putting Equ.(13) into Equ.(6), we get the discrete dynamics of the ADSCHNN for the load 

balancing problem as follows, 
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5. Simulation Results 

5.1. Current Loads 

The ADSCHNN is used to optimize the practical field data used in [1], where the 

loads were addressed in terms of currents. The parameters for the ADSCHNN are set as 

1  , 0 .2 5  , 0 .1A  , 0 .1B  , 0 .3 5C  ,  0 0 .1 3
i j

z  , 0 .0 0 1  . Initial conditions of 

the ADSCHNN are  1 1, 2 , 3 1, 2 , ,
ij

y i j n   . The ADSCHNN needs 1962 iterations 

to get the optimal result. The results are shown in Table 1, where “1” means the 

respective load is connected to 
1

p h ,  “2” to 
2

p h , “3” to 
3

p h , △Iph-max is the maximum 

difference of the phase currents, which ideally should be zero if there is totally 

balanced. The ADSCHNN gives a better phase balancing result, which is almost equal 

to zero, compared to the parameter △Iph-max. The ADSCHNN give a △Iph-max of 0.17 

compared to 42 obtained for neural network (NN) and 24.7 obtained for heuristic 

method (HE) in [1]. This indicates that the ADSCHNN gives a better solution to the 

load balancing problem compared to other algorithms investigated in [1]. 
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Table 1. The Comparison Between the ADSCHNN and the Algorithm of [1] 

Current 
Unbalanced Balanced 

 Switch NN HE ADSCHNN 

I1(A) 40.16 1 1 1 1 

I2(A) 92.61 2 2 1 2 

I3(A) 90.77 3 3 2 3 

I4(A) 40.61 1 1 3 1 

I5(A) 88.47 2 3 3 1 

I6(A) 5.73 3 1 1 3 

I7(A) 34.93 1 3 3 2 

I8(A) 80.50 2 1 2 3 

I\9(A) 0.97 3 2 2 2 

I10(A) 13.75 1 1 1 2 

I11(A) 20.07 2 3 2 2 

I12(A) 19.67 3 2 2 1 

I13(A) 59.77 1 3 1 2 

I14(A) 26.94 2 2 3 1 

I15(A) 19.68 3 2 3 3 

I16(A) 1.51 1 1 1 3 

I17(A) 73.93 2 2 2 3 

I18(A) 44.06 3 3 3 1 

I19(A) 92.24 1 1 2 2 

I20(A) 46.13 2 1 1 1 

I21(A) 41.44 3 2 2 3 

I22(A) 83.77 1 3 3 1 

I23(A) 51.99 2 1 1 3 

I24(A) 20.06 3 3 2 2 

I25(A) 66.54 1 2 3 2 

I26(A) 82.97 2 2 1 3 

I27(A) 1.94 3 3 3 1 

I28(A) 67.44 1 1 3 1 

I29(A) 37.56 2 1 2 2 

I30(A) 82.34 3 1 1 2 

I31(A) 94.06 1 1 1 3 

I32(A) 22.88 2 2 2 1 

I33(A) 60.07 3 1 1 1 

I34(A) 48.11 1 3 3 2 

I35(A) 88.23 2 1 3 1 

I36(A) 75.44 3 1 3 3 

I37(A) 45.19 1 2 2 2 

I38(A) 1.83 2 3 3 2 

I39(A) 81.31 3 2 3 2 

I40(A) 60.92 1 1 1 3 

I41(A) 78.40 2 3 2 1 

I42(A) 91.25 3 2 1 3 

I443(A) 73.08 1 2 2 2 

I43(A) 17.45 2 2 2 1 

I45(A) 44.02 3 1 1 1 

Iph1(A) 822.1 - 746.1 761.4 770.24 

Iph2(A) 809.9 - 778.5 786.1 770.36 

Iph3(A) 678.8 - 788.1 771.4 770.19 

△Iph-max(A) 143.3 - 42 24.7 0.17 
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5.2. Power Loads 

Now we use the ADSCHNN to another kind of load balancing problem, i.e., power 

loads. The input power loads for simulation are acquired from a load data survey in a 

South African city, which were used in [20]. All the loads are power and integer. The 

sum of loads for three phases are represented by a as 3 1  matrix. The simulation results 

are presented in Table 2. Table 2 gives the simulation results and results comparison. 

The ADSCHNN needs 1830 iterations, 1841 iterations, 1806 iterations, 1823 iterations, 

1808 iterations and 957 iterations to get optimal results in Case 1 to Case 6, 

respectively. The parameters and initial conditions of the ADSCHNN are the same as 

simulation in Section 5.1, except 0 .0 0 2   for Test Case 2 to Test Case 5. Table 2 

shows that the ADSCHNN gets the complete load balancing for Test Case 1 to Test 

Case 5, i.e. the sum of every phase loads is equal, because the 
id ea l

L o a d  is integer. For 

Test Case 6, complete load balancing is not achieved, since the 
id ea l

L o a d  is not integer. 

In order to show the effect of the ADSCHNN, Table 3 and Table 4 give the load 

distribution of Test Case 1 before and after optimization by the ADSCHNN. The 

simulations show that the ADSCHNN outperforms the algorithm in [20]. 

Table 2. Simulation Results and Comparison between the ADSCHNN and 
Algorithm of [20] 

Test 

Case 

Initial Data Algorithm of [20] The ADSCHNN 

 Initial Load  

(KW) 
△Pph-max 

Final Load 

(KW) 
△Pph-max 

Final Load 

(KW) 
△Pph-max 

1 

2 4 5

1 2 0

8 2

 

 

 

  

 163 

1 4 6

1 5 0

1 5 1

 

 

 

  

 5 

1 4 9

1 4 9

1 4 9

 

 

 

  

 0 

2 

1 5 7

1 3 4

1 2 0

 

 

 

  

 17 

1 3 9

1 3 3

1 3 9

 

 

 

  

 6 

1 3 7

1 3 7

1 3 7

 

 

 

  

 0 

3 

1 4 0

1 4 5

1 5 6

 

 

 

  

 16 

1 4 5

1 4 5

1 5 1

 

 

 

  

 6 

1 4 7

1 4 7

1 4 7

 

 

 

  

 0 

4 

2 0 5

1 7 0

1 6 2

 

 

 

  

 43 

1 8 1

1 7 7

1 7 9

 

 

 

  

 4 

1 7 9

1 7 9

1 7 9

 

 

 

  

 0 

5 

1 7 0

9 5

8 3

 

 

 

  

 87 

1 1 5

1 2 1

1 1 2

 

 

 

  

 
 

9 

 

1 1 6

1 1 6

1 1 6

 

 

 

  

 0 

6 

1 1 7

7 4

4 2

 

 

 

  

 75 

7 2

8 0

8 1

 

 

 

  

 9 

7 8

7 8

7 7

 

 

 

  

 1 
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Table 3. Load Distribution for the Three Phases from [20] Before Optimization 

SL. No. 
Phase 1 (KW) 

Per house 
Phase 2(KW) 

Per house 
Phase 3 (KW) 

Per house 

1 5 4 1 

2 4 2 1 

3 4 3 2 

4 3 1 1 

5 2 3 3 

6 1 2 2 

7 2 1 1 

8 3 3 3 

9 5 1 1 

10 2 2 2 

11 5 5 2 

12 2 4 2 

13 6 2 3 

14 1 1 1 

15 2 4 2 

16 2 2 1 

17 5 3 2 

18 1 4 1 

19 2 2 2 

20 2 2 2 

21 3 1 1 

22 6 2 1 

23 8 3 2 

24 10 2 1 

25 9 1 1 

26 4 3 2 

27 2 4 1 

28 3 3 2 

29 5 2 1 

30 6 1 2 

31 6 2 3 

32 6 3 1 

33 9 2 2 

34 3 2 1 

35 10 2 1 

36 12 3 2 

37 15 4 1 

38 3 1 1 

39 2 2 3 
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40 1 1 1 

41 3 2 2 

42 2 4 1 

43 1 3 2 

44 5 2 2 

45 4 1 1 

46 15 1 1 

47 12 2 2 

48 10 5 3 

49 9 2 1 

50 2 3 2 

Total 245 120 82 

Table 4. Load Distribution for the Three Phases after Optimization by 
ADSCHNN 

SL. 

No. 
Phase 1 (KW) 

Per house 
Phase 2(KW) 

Per house 
Phase 3 (KW) 

Per house 

1 5 4 1 

2 4 2 1 

3 3 2 4 

4 1 1 3 

5 2 3 3 

6 1 2 2 

7 2 1 3 

8 1 3 1 

9 3 1 2 

10 5 2 5 

11 5 2 4 

12 6 2 3 

13 1 2 2 

14 2 2 2 

15 2 2 1 

16 2 1 3 

17 4 1 1 

18 2 4 1 

19 3 5 2 

20 1 2 2 

21 8 2 1 

22 1 2 2 

23 9 1 3 

24 2 6 10 

25 3 2 3 
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26 2 2 4 

27 6 1 2 

28 3 1 1 

29 1 4 1 

30 9 2 2 

31 1 1 2 

32 3 3 6 

33 2 5 2 

34 4 6 3 

35 1 3 1 

36 1 2 2 

37 1 2 12 

38 2 10 3 

39 1 15 2 

40 1 2 3 

41 1 4 3 

42 2 5 2 

43 1 15 3 

44 1 3 2 

45 2 2 4 

46 2 2 1 

47 1 2 2 

48 1  2 

49 1  10 

50 12  9 

51 5   

52 1   

53 3   

Total 149 149 149 

 

6. Conclusion 

The total power losses of distribution systems can be effectively reduced by the 

proper load distribution which is necessary to achieve load balancing under the certain 

objective function of the total power loss. Therefore, the load re-distribution is a 

combinatorial optimization problem aimed at giving the best switching option that 

enables a balanced load arrangement among the phases and minimizes the power loss.  

According to the analysis reported in this work, the ADSCHNN is used to solve the 

load balancing problem, after constructing its energy function. The paper has shown 

that through simulation results based on real practical data, load balancing is achieved 

by the ADSCHNN and the total power loss is minimized. The results are compared with 

those from a heuristic algorithm [1] and those from a fuzzy logic expert system [20]. 

The ADSCHNN showed better load balancing than other two algorithms. 
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