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Fast and accurate wheeling pricing has emerged as an important issue in the recent competitive power market. In this 

paper Bialek tracing has been employed to track the contribution of each generator and load in the wheeling flow of

each transmission line. For computing wheeling prices MVA-mile method among various embedded cost based 

pricing techniques has been used in which optimized flows have determined by employing metaphor-less Rao-3algorithm based AC-OPF. 

Embedded cost based pricing techniques are more reliable for wheeling pricing because they are based on actual flows and recover fixed 

cost of wheeling facilities. In spot power market due to continuously varying load conditions, the flows over transmission lines have also 

varied drastically. These varied flows are determined by running OPF program for each and every load condition. Consequently the 

computation of wheeling prices in real time for these varied flows is become quite a time taking process. Instead employing ANN 

approach for estimating wheeling prices for any loading scenario, instantly and accurately, is quite an attractive efficient alternative. 

Various radial basis function ANNs (RBFNNs) have been developed for each cluster in which wheeling prices lie in a closed range. All 

these neural networks trained and tested under parallel computing environment to acquire speed gain. The proposed neural network and 

parallel computing based intelligent approach for estimating wheeling prices in real time competitive power market has been 

demonstrated and examined on IEEE 30-bus system and Indian utility 146-bus system. The results are found well within acceptable 

accuracy limits.  

Keywords: Bialek Tracing, Radial Basis Function Neural Network (RBFNN), MVA- mile method, Parallel Computing, Wheeling Pricing, 
metaphor-Less Rao-3 Algorithm. 

1. INTRODUCTION

The recent trend of deregulation in electric supply industry has 

renewed interest in wheeling pricing. Because in this new 

electricity commodity business, all market participants (suppliers, 

buyers and transmission system operators) are keen to know the 

transmission cost as well as wheeling prices in order to 

accommodate their existing and future transactions. This also 

helps in taking right economic decisions while performing and 

promoting various wheeling services. Assessment of wheeling 

prices also ensures efficient use of wheeling facilities by various 

users [1]. Wheeling pricing has become an important issue in 

terms of use, operation and expansion of the existing wheeling 

facilities in the current competitive power market environment. 

Wheeling pricing involves the cost of wheeling facility incurred 

by various transactions made by generators and loads [2].  

Fixed transmission cost includes initial investment in installing 

transmission lines, operation and maintenance expenses. Besides 

this wheeling facility cost involves increment in fuel cost incurred 

due to repeated generation re-scheduling, cost incurred in 

accommodating different bilateral and multilateral transactions 

due to various transmission constraints and any other expenses 

involved to avail specific wheeling facility. In order to recover 

these charges from wheeling facilities, embedded cost based 

methods are very effective [3] and hence used in the present work. 

In the present work MVA-mile method of wheeling pricing has 

been adopted, which is an extension of  original MW-mile method 

in which only real power flows were to be considered. In MVA-

mile method, both real and reactive power flows are to be 

considered for pricing which seems to be more realistic [4, 5]. 

*Corresponding Author: Dr. Abhishek Saxena 

Email: abhisheksaxena@itmuniversity.ac.in 

Cite as ITM J. of Sust. Engg. and Ino. 2026, 01(1)

DOI: 

ABSTRACT 



Abhishek Saxena 

 ITM Journal of Sustainable Engineering and Innovation ITM J. of Sust. Engg. and Ino. 2026, 01(1) Pg 29 

 To obtain optimized apparent (real and reactive) power flows, 

optimal power flow solutions can be obtained either by 

conventional optimization methods or by evolutionary computing 

based optimization methods. Since conventional methods are 

outmoded due to their sluggish response, unwanted complex 

structure and high dependency on data availability, the 

evolutionary artificial intelligence based optimization computing 

techniques are more efficient and popular now a days [6, 7, 8 and 

9]. In the present work metaphor-less Rao-3 algorithm based AC-

OPF [10] has been implemented to determine optimal power flow 

solutions over all the transmission lines. Bialek tracing algorithm 

[11] for both up-stream and down-stream flows, has been

employed to establish contribution of each generator and load in

all the flows. This enables the flow based wheeling pricing

effectively for different users (generators and loads) of the

wheeling system.

The assessment of wheeling pricing traditionally for each loading 

scenario is not feasible for real time power market. Moreover, any 

noisy or partially corrupted data greatly affects the accuracy. In 

addition, for every change in load/ generation/ topology, the OPF 

algorithm has to be run repeatedly each time leading to a time 

consuming process for wheeling pricing. In this situation ANN 

based intelligent technique is found most functional as it possesses 

tolerance for imprecision and uncertainty and having excellent 

capability of  mapping complex and highly nonlinear input output 

patterns [12 and 13]. Once an appropriate ANN model has been 

developed, accurate and instant wheeling pricing can be obtained 

for any unseen load pattern, even for missing or partially 

corrupted data. In the present work a novel radial basis function 

neural network (RBFNN) has been approached for estimating 

wheeling prices for each generator and load. Apparantly with 

sufficient RBF neurons, the RBFNN can acquire very minimal 

error during training. During parameter optimization, an 

appropriate number of RBF neurons in hidden layer can be 

obtained and they are at par with the input training patterns [14 

and 15]. RBFNN is found specifically suitable for function 

approximation and time series prediction [16]. 

For large power markets containing a large number of 

transmission lines it has been found that wheeling prices obtained 

through MVA-mile wheeling pricing method, lie in a wide range. 

A single ANN developed for estimating these wheeling prices has 

not been found satisfactory. To obtain accuracy in the estimation 

of these wheeling prices a separate RBFNN had to be developed 

for each cluster in which wheeling prices lie in a closed range. In 

this work K-means clustering has been employed to obtain 

different clusters of wheeling prices [17]. More distinctly all these 

RBFNNs have been developed (trained and tested) under parallel 

computing environment in which a simultaneous execution of 

traing and testing has been obtained over multiple processors via 

shared memory [18 and 19]. This further enhances the speed of 

the wheeling price prediction. 

Though ANN has been found its application in the prediction of 

spot pricing like locational marginal prices, nodal congestion 

prices etc. [13and 14]. However it has not been found yet in the 

literature for estimating wheeling prices. 

The present approach of RBFNN based wheeling price estimation 

under parallel computing environment has been demonstrated and 

examined on IEEE 30-bus system and Indian utility 146-bus 

system. 

2. METAPHOR LESS RAO-3 OPTIMIZATION ALGORITHM

In the recent years a number of nature inspired, population based 

meta-heuristic algorithms are immersed based on metaphor of 

some natural phenomena or behavior of animals, fishes, insects 

etc. In this situation developing simple and effective optimization 

technique based on metaphor-less algorithm is the superior 

alternative. In the present work Metaphor-less Rao-3 algorithm for 

optimization has been approached [20]. In the present paper real 

and reactive optimal power flows have been determined by 

employing Metaphor-less Rao-3 algorithm [21]. The proposed 

approach uses self-adaptive population based learning which 

avoids local minima by replacing worst solution candidate by best 

solution candidate and by comparing updated solution by any 

randomly picked solution in each iteration. 

Let f(x) is the objective function to be minimized or maximized. 

At any iteration i, suppose that there are ‘p’ number of design 

variables and ‘q’ number of candidate solutions (population size, k 

= 1, 2, ………. q). Let the best candidate best obtains the best 

value of f(x) i.e. f(x)best in the entire population and the worst 

candidate worst obtains the worst value of f(x) i.e. f(x)worst in the 

entire population. 

If Xj,k,i is the value of jth variable for the kth candidate during ith 

iteration, then this value is modified/ updated as per following 

equations. 

)(*)1( ,,,,,,, ijijijikj

new

ikj worstbestrandXX 

(1) 

where, bestj,i is the value of variable j for best candidate and 

worstj,i is the value of variable j for worst candidate during ith 

iteration. 
new

ikjX ,, is the updated value of ikjX ,, . ijrand ,)1( is

the random number for variable j during ith iteration in the range 

[0,1]. 

)(*)2()(*)1( ,,,,,,,,,,,,,,,, ikjinjinjikjijijijijikj

new

ikj orXXorXXrandworstbestrandXX 

(2) 

))((*)2()(*)1( ,,,,,,,,,,,,,,,, ikjinjinjikjijijijijikj

new

ikj orXXorXXrandworstbestrandXX 

(3)

In (2), the term Xj,k,i or Xj,n,i indicates the comparison of candidate 

solution with any randomly picked candidate solution and the 

information is exchanged based on their fitness value. If the 

fitness value of kth candidate solution is better than the fitness 

value of nth candidate, then the term Xj,k,i or Xj,n,i will become Xj,k,i . 

On the other hand, if the fitness value of nth candidate is better 

than the kth candidate, then the term Xj,k,i or Xj,n,i will become Xj,n,i . 
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Similarly if the fitness value of nth candidate is better than the kth 

candidate, then the term Xj,n,i or Xj,k,i becomes Xj,k,i . The complete 

steps are given as follows: 

Step 1. Initialize population size, design variables and assign 

maximum number of iterations as terminating criteria. 

Step 2. Evaluate the fitness value to determine finest and inferior 

solutions i.e. best and worst. 

Step 3. Modify or update the solution as per (1), (2) and (3). 

Step 4. Compare the updated fitness value with the previous one. 

Accept the better solution. 

Step 5. Check the termination criteria i.e. maximum number of 

iterations. If the conditions are met, and then terminate 

the process and solution corresponds to best fitness value 

will be the optimized solution. Otherwise go to step 2. 

3. RADIAL BASIS FUNCTION BASED NEURAL NETWORKS 

(RBFNN)

The architecture of proposed RBF neural network is shown in Fig. 

1. It consists of three layers namely input, hidden and output

layer. Hidden layer is made up of RBF neurons. As can be seen

from the Fig. 1 each layer is fully connected with the previous

layer through neurons. To generate an output, neurons process the

inputs through an activation function. In RBFNN, the activation

function is Gaussian density function (Ω), which is defined by

Centre position and width parameter [22].

Fig.1: RBFNN Configuration  

The RBFNN can be developed in a fraction of time as compared 

to other design approaches in multilayer feed forward neural 

networks. For a chosen error goal, different values of RBF spread 

widths (σ) have been investigated by having several trials to find 

the acceptable results. An appropriate number of RBF neurons 

have been determined iteratively during training process untill a 

specified error goal is achieved [16]. 

The output of ith RBF unit in the hidden layer is given by: 







N

n

ininni xxa
1

22 ]/)(exp[                           

(4) 

Where, N is the number of variables in each input pattern. xj is the 

jth variable of input vector for each input pattern. xin is the centre 

of ith RBF unit for nth input vector. σin is the width of ith RBF unit 

for nth input vector.  

The output value of qth output node i.e. Oq is equal to the 

summation of the weighted output of the hidden RBF units and 

the biasing term of the output node and is given by: 

 



H

i

qoiqiq wawO
1

          (5)     

Where, H is the number of RBF hidden units, wqi is the weight 

between ith RBF unit and the qth output node and wqo is the biasing 

term between biasing neuron and qth output. wqo represents the 

strength of biasing neuron. The biasing neuron is connected to 

output nodes only. 

In the present work wheeling pricing estimation has been 

performed through developing an appropriate RBFNN with 

enough RBF neurons using MATLAB toolbox [23]. In the 

proposed RBFNN, all non-zero real and reactive power loads are 

taken as inputs, while wheeling prices for generators and loads are 

taken as outputs. 

3. OPTIMAL POWER FLOW (AC-OPF)
For obtaining optimized real and reactive power flows 

Metaphor-less Rao-3 algorithm based AC-OPF algorithms has 

been implemented. Mathematical formulation for AC-OPF 

[24] is given as follows:

Objective function:  uxfMin , (6)

subject to , 

    0,0,  uxhanduxg  (7) 

where, g and h are equality and inequality constraints. x and u 

denotes dependent and control variables. In the present work 

dependent variables are real power on slack bus (Psl), voltage 

on load bus (VL), reactive power output of generators (QG) and 

apparent flows over transmission lines (Sl). Control variables 

are real power output of generators (PG) except slack bus (1 

number bus is slack bus), voltage on generator bus (VG), 

transformer tap setting (T) and shunt VAR compensation 

(VAR). In this work total number of transmission lines are 

taken as N, total number of load buses are taken as NL, total 

number of generators buses are taken as NG, total number of 

regulating transformers are RT and total number of shunt 

compensators are SC. 

].....,......,....,[
111 NGNLN llGGLLsl

T SSQQVVPx   (8) 

]......,......,.......,.......[ 1112 SCRTGGGG

T VARVARTTVVPPu
GNGN



                                                                                                
(9)  

Equality constraints belong to standard power flow equation 

which is given by (5). 

  lossLG PPP  (10) 

Inequality constraints are given below 

GGGG NiVVV
iii

,........2,1maxmin 

(11)
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GGGG NiPPP
iii

,....2,1maxmin                     

(12) 

GGGG NiQQQ
iii

,.......2,1maxmin                   

(13) 

Transformer constraints: 

RTiTTT iii ,......1maxmin                                                                   

(14)                                                                                                             
Shunt VAR constraints 

SCiQQQ iii ,.....1maxmin  (15) 

LLiLiLi NiVVV ,......1maxmin   (16) 

NlSS ll ,.......1,max  (17)                                                                                      

Since controlled variables are self-constrained hence, the 

objective function can be augmented as follows:  

         
  


L G L

LNL

N

c

N

c

N

c

NsGCGCQLCLCvslslpavg SSQQVVPPff
1 1 1

2max2lim2lim2lim 

                                            

(18)                                                                                                          

where sQvp  ,,, are penalty factors and ' x ' is the limit

value of dependent variable ' x '. So

(19) 

4.1 MVA-mile 

Method for 

Wheeling Pricing 

In the present work wheeling prices based on real and reactive 

flows have been computed using MVA-mile method, thus 

presents realistic economic signals among market participants. 

In this paper contribution of each generator and load in all the 

flows over transmission lines is computed using Bialek flow 

tracing [11]. The wheeling prices for generators and loads are 

given as follows:  

 



 



GNG Nk

kGkk

Nk

kGkk

GG
SLC

SLC

TTCWP
,

,

 (20)                                                                                                          

Where WPG is the wheeling price computed for Gth generator, 

TTCG is the total transmission cost share for generators, Ck is 

the cost of kth wheeling facility per unit length and per unit 

flow of line, Lk is the length of the kth transmission line and SG,k 

is the apparent flow over kth transmission line due to Gth 

generator in MVA. N and NG are total number of transmission 

lines and generators. 

 



 



LNL Nk

kLkk

Nk

kLkk

LL
SLC

SLC

TTCWP
,

,

 (21) 

Where WPL is the wheeling price computed for Lth load, TTCL 

is the total transmission cost share for loads, and SL,k is the 

apparent flow over kth transmission line due to Lth load in 

MVA. NL is total number of loads in the given power system. 

4.2 Formation of clusters 

For a large power market containing a large number of 

transmission lines, generators and loads, the wheeling prices 

allotted for generators and loads are found heterogeneous i.e. 

lie in a wide range. Therefore a single neural network 

developing for estimation of these wheeling prices does not 

perform satisfactorily. On the other hand, if a separate neural 

network is developed for each generator and each load, there 

will be a large number of neural networks and a long training 

time will be required. Hence to overcome this problem 

clustering technique has been implemented to group all the 

wheeling prices which lie in a closed range in a cluster. The 

basic purpose of clustering is to group different system 

variables into certain number of clusters, such that the 

variables in a cluster have similar characteristics. In the present 

work k-means clustering [17] has been employed to make 

clusters such that wheeling prices which are in a closed range 

are grouped in a cluster. 

5 PARALLEL COMPUTING 

In parallel computing, a computationally intensive task has been 

divided into different sub-tasks and then executed simultaneously 

by exploiting the processing capacity of multi-processor 

computer. Thus the execution of time costly task is speed-up by 

assigning these tasks to different processor of same computer. In 

the present paper, parallel computing [18 and 19] has been 

employed to develop a number of RBFNNs simultaneously for 

estimating wheeling prices allocated to different generators and 

loads. In parallel computing the assignment of tasks to different 

processors must be wisely done such that each processor may 

finish the task in almost same time as far as possible. In this way a 

significant speed gain can be achieved over sequential computing. 

6. RESEARCH METHODOLOGY
A general block diagram shown in Fig. 1 illustrates the research

methodology adopted for wheeling price estimation using RBFNN

under parallel computing environment. A large number of patterns

are generated in wide range of load variation. Metaphor less Rao-

3 algorithm based ACOPF has been executed to obtain real and

reactive power flows. Then Bialek tracing technique has been

implemented to determine the contribution of each generator and












minmin

maxmax

lim

,

,

xxx

xxx
x
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load on these flows. After that, wheeling prices for each generator 

and load has been computed using MVA-mile method. An 

unsupervised learning algorithm is used to group almost similar 

values of wheeling prices into one cluster. For each cluster a 

separate RBFNN has been developed for fast and accurate 

estimation of wheeling prices. These RBFNNs are trained and 

tested under parallel computing environment. Then final results 

i.e. estimated values of wheeling prices for generators and loads

has been compiled.

Fig.2: General Block Diagram for Wheeling Price Estimation 

7. SOLUTION ALGORITM FLOW CHART

The complete solution algorithm for RBFNN based wheeling 

pricing estimation using parallel computing has been presented as 

follows and also depicted in the form of flow chart in Fig. 3. 

Step 1.  Generate a large number of load patterns by randomly 

varying the load at each bus in a wide range (± 10% of 

base case load)  

Step 2.  For each loading scenario 

(a) Execute metaphor-less Rao-3 algorithm based AC-

OPF to obtain optimized real and reactive power

flows in each wheeling facility of the power market.

(b) Apply Bialek tracing  technique to establish the

contribution of each generator and load in all the line

flows.

(c) Compute wheeling prices on the basis of these

optimized flows for each generator and load using

MVA-mile method.

Step 3.  Present input-output patterns as data set for developing 

RBFNN. Consider all non-zero real and reactive loads as 

inputs and wheeling prices for different generators and 

loads as outputs. 

Step 4. Apply k-means clustering to group all the wheeling prices 

which lie in a closed range. 

Step 5. Develop a separate RBFNN for each cluster to estimate the 

wheeling prices instantly and accurately. 

Step 6. Train and test all the RBFNN under parallel computing 

envionment to obtain speed gain. 

Step 7. Stop. Collect final results at the server. 

Fig. 3 Solution Algorithm Flow Chart 

8. RESULTS AND DISCUSSION

In the present work an attempt has been made to make an accurate 

prediction of the wheeling prices using radial basis function neural 
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network (RBFNN). The present approach of wheeling price 

estimation has been demonstrated  on IEEE-30 bus system and 

Indian utility 146-bus system which clearly establishes the 

effectiveness of the proposed approach. All the programming 

modules have been developed in MATLAB 2020a version 

working platform using Core i5 with 2.2 GHz and 8 GB RAM and  

64-bit operating system with 4 processing cores.

8.1 IEEE 30-bus System 

The IEEE-30 bus system [25] comprises of 41 transmission 

tracks, 24 load buses and 6 generator buses. Generating units are 

at bus number 1, 2, 5, 8, 11 and 13. The lower voltage limit for all 

the buses (generator and load bus) is same i.e. 0.95 pu. However 

the upper voltage limit for generator buses is 1.1 pu and for all 

remaining buses (including slack bus) it is 1.05 pu.  

Out of 24 load buses, only 21 buses are there which are having 

non-zero loads. For obtaining continuously varying loading 

scenario, ±10% perturbation in real and reactive loads has been 

implemented at all the 21 load buses with non-zero loads. The 

total annual cost of transmission for this system is 8851.84k$. For 

the allocation of wheeling prices across generators and loads the 

total share of generators in this fixed embedded cost is taken as 

30% (2655 k$) while share of loads is taken as 70% (6196.3 k$). 

To simulate the realistic power market operation and for including 

maximum possible loading conditions a number of loading 

patterns are required, to develop a neural network. Hence as many 

as 501 load patterns have been generated. These generated 501 

loading scenarios (input-output patterns) have been divided into 

two parts and used for training as well as for testing of RBFNN. 

For training 78% of the patterns were utilized, while for testing 

remaining 22% unseen loading scenarios were used. Various trails 

were taken to obtain an optimum structure of the RBFNN. Non 

zero apparent loads are taken as inputs for the RBFNN, while 

outputs are the wheeling prices for generators and loads. 

8.1.1 Wheeling Pricing for Generators 

There are total 6 generators in this power system. Employing k-

means clustering, 03 desirable clusters have been obtained which 

are given in Table 1. As can be seen from this table that generator 

1 is caught in cluster 1, generators 3, 4 and 6 in cluster 2 and 

generators 2 and 5 are grouped in cluster 3. 

Table 1 : Cluster formation for generators in IEEE-30 bus 

system 

Generators Minimum WPG Maximum WPG Cluster 

Gen1 2029.5800 2080.9030 1 

Gen 3 2.3927 2.8869 

2 Gen 4 3.8424 4.2474 

Gen 6 12.3575 14.8160 

Gen 2 330.1468 365.9250 
3 

Gen 5 190.2849 276.3295 

After having several trials, the optimal structure of RBFNN for 

cluster 1 was obtained as 21-05-1. Table 2 shows the testing 

performance of only 10 patterns due to limited space while Figure 

4 shows the target and RBFNN output for all the 100 unseen 

testing patterns. Overlapping of these outputs clarly shows the 

superior performance of the developed RBFNN. In the fifth 

column of Table 2 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 0.0847 

in all the 100 testing patterns. Maximum absolute percentage error 

for cluster 1 is found as 0.4574.  The elapsed time for training of 

the developed RBFNN is found as 0.302690 seconds.  

Table 2 : Wheeling Price prediction for Generators in IEEE-

30 bus system (Cluster-1) 

T

P 

Target 

output 

RBFNN 

output 
Error 

%Abs. 

Error 

1 2060.499 2063.326 
-
2.82654 0.13718 

2 2074.638 2075.824 
-
1.18622 0.05718 

3 2076.977 2074.403 2.5737 0.12392 

4 2075.963 2072.842 3.12022 0.1503 

5 2073.804 2075.878 
-
2.07462 0.10004 

6 2059.285 2060.802 -1.5177 0.0737 

7 2077.226 2077.37 
-
0.14354 0.00691 

8 2077.065 2076.242 0.82268 0.03961 

9 2073.275 2075.094 
-
1.81866 0.08772 

10 2077.175 2073.636 3.53877 0.17036 

Fig.4 Testing performance of RBFNN in IEEE-30 bus system 

(Cluster-1) 

Cluster 2 is made up of 3 generators namely generator 3, 4 and 
6. By having several trials an optimum structure of RBFNN is

obtained as 21-24-3. The testing performance of the developed
RBFNN for cluster 2 is shown in Table 3 for only 10 tesing
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patterns due to restricted space. However testing performance 
for all the 100 testing patterns have been shown in Fig. 5. 

In the fifth column of Table 3, the percentage absolute error has 

been computed as [(Target output – RBFNN output)/ Target 
output] x100. Mean absolute percentage error (MAPE) is found 

as 0.26320% in all the 100 testing patterns. Maximum absolute 
percentage error for cluster 2 is found as 1.1976, 0.2702 and 

1.3738.  The elapsed time for training of this developed RBFNN 
is also found as 0.302690 seconds due to parallel computing. 

Fig. 5 Testing performance of ANN in IEEE-30 bus system 

(Cluster-2) 

Table-3 : Wheeling Price prediction for Generators in IEEE-

30 bus system (Cluster-2) 

TP Target ANN output Error %Abs. Error 

1 

2.5447 2.53514 0.00956 0.37581 

4.0881 4.08916 -0.00106 0.02597 

12.8513 12.93493 -0.08363 0.65072 

2 

2.6846 2.67998 0.00462 0.17199 

4.1255 4.12475 0.00075 0.01829 

14.1465 14.13598 0.01052 0.07439 

3 
2.733 2.73748 -0.00448 0.16377 

3.9514 3.95407 -0.00267 0.0676 

13.1808 13.12628 0.05452 0.41363 

4 

2.7497 2.73854 0.01116 0.40585 

4.119 4.11642 0.00258 0.06268 

12.9712 12.98253 -0.01133 0.08734 

5 

2.6359 2.62742 0.00848 0.32155 

4.1174 4.11558 0.00182 0.04425 

14.5426 14.44993 0.09267 0.63724 

6 

2.4298 2.44502 -0.01522 0.62633 

4.1735 4.16532 0.00818 0.19594 

12.8143 12.82971 -0.01541 0.12027 

7 

2.5976 2.59572 0.00188 0.07229 

4.031 4.03396 -0.00296 0.07344 

14.0455 14.01909 0.02641 0.18802 

8 

2.7471 2.72654 0.02056 0.74835 

4.0022 4.00146 0.00074 0.01853 

14.0998 14.07801 0.02179 0.15456 

9 

2.7417 2.72683 0.01487 0.54225 

4.1531 4.15392 -0.00082 0.01966 

13.9346 13.97905 -0.04445 0.31901 

10 

2.6955 2.7057 -0.0102 0.37834 

4.0815 4.07959 0.00191 0.04674 

12.7665 12.8702 -0.1037 0.8123 

Cluster 3 consists of generator 2 and 5. For this cluster the 

optimum structure of developed RBFNN is found as  21-18-2. 

Table 4 shows the testing performance of 10 testing patterns due 

to restricted space. However Figure 6 shows the testing 

performance of RBFNN for entire 100 testing patterns. 

In the fifth column of Table 4, the percentage absolute error has 

been computed as [(Target output – RBFNN output)/ Target 
output] x100. Mean absolute percentage error (MAPE) is found as 

0.0257703% in all the 100 testing patterns. Maximum absolute 

percentage error for cluster 3 is found as 0.6503 and 1.7218. A 
summary of all the errors have been given in Table 5. 

Table-4 : Wheeling Price prediction for Generators in IEEE-

30 bus system (Cluster-3) 

TP Target ANN output Error %Abs. Error 

1 
360.4243 360.4664 -0.04209 0.01168 

215.1436 215.6731 -0.52951 0.24612 

2 
363.6351 363.3066 0.3285 0.09034 

196.3219 196.2921 0.02982 0.01519 

3 
363.2951 363.4313 -0.13621 0.03749 

195.4143 194.8778 0.53648 0.27453 

4 
362.5051 362.7772 -0.27207 0.07505 

197.2437 198.0433 -0.79959 0.40538 
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5 
363.815 363.9876 -0.17255 0.04743 

196.6369 195.8526 0.78432 0.39887 

6 
359.2349 358.1034 1.13155 0.31499 

217.6143 220.3002 -2.68593 1.23426 

7 
362.9344 363.3285 -0.39407 0.10858 

194.7168 193.4927 1.22408 0.62865 

8 
364.4147 364.3246 0.09014 0.02474 

193.2224 191.72 1.50243 0.77756 

9 
362.6886 363.1815 -0.49292 0.13591 

198.7581 197.6085 1.14962 0.5784 

10 
362.8096 363.011 -0.20144 0.05552 

196.0231 194.1773 1.84584 0.94164 

Fig. 6 Testing performance of ANN in IEEE-30 bus system 

(Cluster-3) 

Table-5 : Summary of Wheeling price prediction for 

Generators 

MAPE 

Generators for 

estimating wheeling 

price 

Maximum % 

Error 

0.0847 WPg1 0.4574 

0.26320 

WPg3 1.1976 

WPg4 0.2702 

WPg6 1.3738 

0.0257703 WPg2 0.6503 

WPg5 1.7218 

8.1.2 Wheeling Pricing for Loads 

In IEEE 30-bus system, there are 21 non zero loads. By applying 

k-means clustering, total 7 clusters have been formed to acquire

precision in estimating wheeling prices. The details of load

clusters are shown in Table 6 in which maximum and minimum

value of wheeling pricing across load is shown for all the clusters.

Table 7: Cluster formation for loads in IEEE-30 bus system 

Cluster Loads Minimum WPL Maximum 

WPL 

No. of 

Loads 

4 

Load 1 86.2330 105.9420 

5 

Load 5 54.9831 75.0552 

Load 7 56.7352 69.6743 

Load 15 117.5005 158.6143 

Load 19 40.6804 74.2029 

5 Load 10 496.6136 576.3927 1 

6 
Load 8 828.1529 954.9922 

2 
Load 17 799.6099 890.8661 

7 Load 18 2.5551e+03 2.8686e+03 1 

8 

Load 3 199.1852 234.8157 

3 Load 14 243.4587 300.0052 

Load 16 219.6578 295.5389 

9 

Load 2 7.9566 9.4750 

7 

Load 9 11.0151 13.2156 

Load 11 0.6609 0.8734 

Load 12 8.5682 10.3800 

Load 14 6.4819 7.6414 

Load 20 1.3846 1.7437 

Load 21 2.7808 3.7862 

10 
Load 6 0.0647 0.0868 

2 
Load 13 0.1456 0.2007 

After having several trials, the optimal structure of RBFNN for 

cluster 4 was obtained as 21-13-5. Table 8 shows the testing 

performance of only 10 patterns due to limited space while Figure 

7 shows the target and RBFNN output for all the 100 unseen 

testing patterns. Overlapping of these outputs clarly shows the 

superior performance of the developed RBFNN. In the fifth 

column of Table 2 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 

0.27678722 in all the 100 testing patterns. Maximum absolute 

percentage error for cluster 4 is found as 0.3684, 1.5245, 0.5574, 

0.5833 and 2.1097.  The elapsed time for training of the developed 

RBFNN is found as 0.302690 seconds.  

Table 8: Wheeling Price prediction for loads in IEEE-30 bus 

system (Cluster-4) 

TP Load Target ANN output Error % Abs. Error 
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unit 

1 

Load 
1 

97.3975 97.41715 -0.01965 0.02017 

Load 
5 

63.1311 63.35419 -0.22309 0.35337 

Load 
7 

66.7269 66.61158 0.11532 0.17282 

Load 
15 

141.7752 141.6811 0.09408 0.06636 

Load 
19 

60.1611 59.88105 0.28005 0.46551 

2 

Load 
1 

95.1963 95.31335 -0.11705 0.12295 

Load 
5 

67.5094 67.71864 -0.20924 0.30994 

Load 
7 

63.0117 63.0675 -0.0558 0.08855 

Load 
15 

131.6742 131.8802 -0.20602 0.15646 

Load 
19 

52.7794 52.46224 0.31716 0.60091 

3 

Load 
1 

94.7325 94.90091 -0.16841 0.17777 

Load 
5 

59.3125 59.04034 0.27216 0.45886 

Load 
7 

62.2885 62.37831 -0.08981 0.14419 

Load 
15 

127.1874 127.371 -0.18363 0.14438 

Load 
19 

65.5475 65.32955 0.21795 0.3325 

4 

Load 
1 

94.7809 94.81192 -0.03102 0.03273 

Load 
5 

60.9723 61.31825 -0.34595 0.56739 

Load 
7 

61.8565 61.89685 -0.04035 0.06523 

Load 
15 

127.9781 127.7797 0.19842 0.15504 

Load 
19 

50.6288 50.70876 -0.07996 0.15794 

5 

Load 
1 

91.656 91.51953 0.13647 0.1489 

Load 
5 

64.3088 64.04123 0.26757 0.41607 

Load 
7 

61.1691 61.17463 -0.00553 0.00905 

Load 
15 

132.3305 132.5911 -0.26055 0.19689 

Load 
19 

61.0408 61.57866 -0.53786 0.88115 

6 
Load 
1 

93.5406 93.4631 0.0775 0.08285 

Load 
5 

63.883 63.94308 -0.06008 0.09405 

Load 
7 

62.7669 62.64866 0.11824 0.18838 

Load 
15 

135.6104 135.694 -0.08359 0.06164 

Load 
19 

58.468 58.66214 -0.19414 0.33204 

7 

Load 
1 

101.4214 101.3095 0.11188 0.11031 

Load 
5 

61.6651 61.97001 -0.30491 0.49446 

Load 
7 

66.0963 66.11143 -0.01513 0.02289 

Load 
15 

142.3908 142.5997 -0.20893 0.14673 

Load 
19 

55.8901 56.20489 -0.31479 0.56323 

8 

Load 
1 

97.65 97.56238 0.08762 0.08973 

Load 
5 

69.9671 69.32873 0.63837 0.91238 

Load 
7 

63.224 63.37892 -0.15492 0.24503 

Load 
15 

135.2215 135.1489 0.07259 0.05368 

Load 
19 

58.3844 58.91883 -0.53443 0.91537 

9 

Load 
1 

96.7454 96.81826 -0.07286 0.07531 

Load 
5 

66.5995 66.7518 -0.1523 0.22868 

Load 
7 

63.8858 63.81031 0.07549 0.11817 

Load 
15 

139.7 139.6909 0.00907 0.00649 

Load 
19 

63.5943 63.72054 -0.12624 0.19851 

10 

Load 
1 

91.3039 91.50364 -0.19974 0.21877 

Load 
5 

56.0679 56.24598 -0.17808 0.31761 

Load 
7 

59.933 59.93982 -0.00682 0.01139 

Load 
15 

122.1012 121.8171 0.28414 0.23271 

Load 
19 

55.8616 55.26195 0.59965 1.07346 
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Fig. 7 Testing performance of ANN in IEEE-30 bus system 

(Cluster-4) 

After having several trials, the optimal structure of RBFNN for 

cluster 1 was obtained as 21-06-1. Table 9 shows the testing 

performance of only 10 patterns due to limited space while Figure 

8 shows the target and RBFNN output for all the 100 unseen 

testing patterns. Overlapping of these outputs clarly shows the 

superior performance of the developed RBFNN. In the fifth 

column of Table 2 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 0.1079 

in all the 100 testing patterns. Maximum absolute percentage error 

for cluster 1 is found as 0.9759.  The elapsed time for training of 

the developed RBFNN is found as 0.302690 seconds.  

Fig. 8 Testing performance of ANN in IEEE-30 bus system 

(Cluster-5) 

Table 9: Wheeling Price prediction for loads in IEEE-30 bus 

system (Cluster-5) 

T

P 

Load 

unit 
Target 

ANN 

output 
Error 

% Abs. 

Error 

1 
Load1
0 

534.535
4 

534.4787 0.05668 0.0106 

2 
Load1
0 

565.972
1 

565.6724 0.29972 0.05296 

3 Load1 502.214 502.9685 - 0.15005 
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0 9 0.75358 

4 
Load1
0 

525.111
4 

525.1031 0.00832 0.00158 

5 
Load1
0 

549.887 549.7689 0.11813 0.02148 

6 
Load1
0 

535.134
3 

534.7164 0.41792 0.0781 

7 
Load1
0 

533.224
3 

532.761 0.4633 0.08689 

8 
Load1
0 

547.046
2 

547.0206 0.02564 0.00469 

9 
Load1
0 

542.789
7 

542.1032 0.68651 0.12648 

10 
Load1
0 

513.910
4 

512.7632 1.14723 0.22324 

After having several trials, the optimal structure of RBFNN for 

cluster 6 was obtained as 21-16-2. Table 10 shows the testing 

performance of only 10 patterns due to limited space while Figure 

9 shows the target and RBFNN output for all the 100 unseen 

testing patterns. Overlapping of these outputs clarly shows the 

superior performance of the developed RBFNN. In the fifth 

column of Table 10 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 0.2317 

in all the 100 testing patterns. Maximum absolute percentage error 

for cluster 6 is found as 1.6708 and 0.5346.  The elapsed time for 

training of the developed RBFNN is found as 0.302690 seconds.  

Fig. 9 Testing performance of ANN in IEEE-30 bus system 

(Cluster-6) 

Table 10: Wheeling Price prediction for loads in IEEE-30 bus 

system (Cluster-6) 

T

P 

Loa

d 

unit 

Target 
ANN 

output 
Error 

% Abs. 

Error 

1 

Load 
8 

905.086
4 

908.3151 
-
3.22873 

0.35673 

Load 
17 

834.899
3 

836.0191 
-
1.11978 

0.13412 

2 

Load 
8 

924.266
4 

926.4069 
-
2.14053 

0.23159 

Load 
17 

864.100
5 

864.7056 
-
0.60513 

0.07003 

3 

Load 
8 

858.502
9 

854.7518 3.75109 0.43693 

Load 
17 

835.430
8 

834.6363 0.79453 0.0951 

4 

Load 
8 

866.071
2 

864.9901 1.08114 0.12483 

Load 
17 

876.914 875.9036 1.01045 0.11523 

5 

Load 
8 

910.386
1 

916.5783 
-
6.19216 

0.68017 

Load 
17 

848.361 849.2545 
-
0.89345 

0.10532 

6 

Load 
8 

899.884
9 

904.333 
-
4.44807 

0.49429 

Load 
17 

840.193
5 

841.8232 
-
1.62974 

0.19397 

7 

Load 
8 

899.201
9 

907.5365 
-
8.33461 

0.92689 

Load 
17 

827.824
7 

829.2495 -1.4248 0.17211 

8 

Load 
8 

937.563
7 

929.1352 8.4285 0.89898 

Load 
17 

837.315
3 

835.1869 2.12844 0.2542 

9 

Load 
8 

909.077
7 

910.9553 -1.8776 0.20654 

Load 
17 

846.687
9 

847.367 
-
0.67907 

0.0802 

10 

Load 
8 

871.980
5 

868.3061 3.67445 0.42139 

Load 
17 

863.383
3 

863.4959 
-
0.11262 

0.01304 

After having several trials, the optimal structure of RBFNN for 

cluster 7 was obtained as 21-09-1. Table 11 shows the testing 

performance of only 10 patterns due to limited space while Figure 

10 shows the target and RBFNN output for all the 100 unseen 

testing patterns. Overlapping of these outputs clarly shows the 

superior performance of the developed RBFNN. In the fifth 

column of Table 11 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 0.1093 
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in all the 100 testing patterns. Maximum absolute percentage error 

for cluster 7 is found as 0.8658.  The elapsed time for training of 

the developed RBFNN is found as 0.302690 seconds.  

Table 11: Wheeling Price prediction for loads in IEEE-30 bus 

system (Cluster-7) 

T

P 

Loa

d 

unit 

Target 
ANN 

output 
Error 

% Abs. 

Error 

1 
Load 
18 

2687.26
3 

2686.868 0.39445 0.01468 

2 
Load 
18 

2628.69 2626.749 1.94156 0.07386 

3 
Load 
18 

2831.24
3 

2828.492 2.75111 0.09717 

4 
Load 
18 

2767.43
4 

2766.515 0.91935 0.03322 

5 
Load 
18 

2690.57
7 

2686.553 4.02427 0.14957 

6 
Load 
18 

2733.88
5 

2736.392 
-
2.50737 

0.09171 

7 
Load 
18 

2703.19
4 

2697.214 5.98041 0.22123 

8 
Load 
18 

2636.52 2642.798 
-
6.27841 

0.23813 

9 
Load 
18 

2645.86
3 

2641.183 4.67969 0.17687 

10 
Load 
18 

2829.60
4 

2833.344 
-
3.74033 

0.13219 

Fig. 10 Testing performance of ANN in IEEE-30 bus system 

(Cluster-7) 

After having several trials, the optimal structure of RBFNN for 

cluster 8 was obtained as 21-06-3. Table 12 shows the testing 

performance of only 10 patterns due to limited space while Figure 

11 shows the target and RBFNN output for all the 100 unseen 

testing patterns. Overlapping of these outputs clarly shows the 

superior performance of the developed RBFNN. In the fifth 

column of Table 12 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 0.1734 

in all the 100 testing patterns. Maximum absolute percentage error 

for cluster 8 is found as 0.3557, 1.5788 and 1.6594.  The elapsed 

time for training of the developed RBFNN is found as 0.302690 

seconds.  

Fig. 11 Testing performance of ANN in IEEE-30 bus system 

(Cluster-8) 

Table 12: Wheeling Price prediction for loads in IEEE-30 bus 

system (Cluster-8) 

T

P 

Loa

d 

unit 

Target 
ANN 

output 
Error 

% Abs. 

Error 

1 

Load 
3 

222.514
7 

222.5147 0.00004 0.00002 

Load 
4 

272.449
7 

271.6368 0.81295 0.29839 

Load 
16 

265.884
5 

265.6295 0.25499 0.0959 

2 Load 224.140 224.2819 - 0.06299 
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3 7 0.14118 

Load 
4 

287.267
1 

287.7477 
-
0.48063 

0.16731 

Load 
16 

247.893
2 

248.1445 
-
0.25134 

0.10139 

3 

Load 
3 

210.898
1 

211.1644 
-
0.26628 

0.12626 

Load 
4 

256.900
2 

257.6621 
-
0.76193 

0.29659 

Load 
16 

249.233
3 

250.0515 
-
0.81815 

0.32827 

4 

Load 
3 

215.070
7 

215.1757 -0.105 0.04882 

Load 
4 

265.858
2 

266.8068 
-
0.94857 

0.3568 

Load 
16 

240.435
5 

240.2206 0.21493 0.08939 

5 

Load 
3 

216.931
3 

216.8269 0.10443 0.04814 

Load 
4 

276.104
9 

275.9128 0.1921 0.06958 

Load 
16 

251.387
4 

251.8444 
-
0.45697 

0.18178 

6 

Load 
3 

212.832
9 

212.7731 0.05984 0.02812 

Load 
4 

267.887
4 

267.5693 0.31814 0.11876 

Load 
16 

249.698
9 

250.2546 
-
0.55565 

0.22253 

7 

Load 
3 

225.803 225.934 
-
0.13099 

0.05801 

Load 
4 

270.974
4 

271.2442 
-
0.26984 

0.09958 

Load 
16 

262.298
7 

263.2267 
-
0.92803 

0.35381 

8 

Load 
3 

227.408
7 

227.747 
-
0.33831 

0.14877 

Load 
4 

293.194
1 

294.0226 -0.8285 0.28258 

Load 
16 

248.646
3 

249.9775 
-
1.33121 

0.53538 

9 

Load 
3 

224.574
1 

224.5737 0.00045 0.0002 

Load 
4 

284.226
5 

284.6816 
-
0.45512 

0.16013 

Load 
16 

268.929
9 

269.3301 
-
0.40016 

0.1488 

10 

Load 
3 

202.642
5 

202.736 
-
0.09352 

0.04615 

Load 
4 

245.692
2 

246.0944 
-
0.40217 

0.16369 

Load 
16 

242.136
8 

242.3852 
-
0.24842 

0.10259 

After having several trials, the optimal structure of RBFNN for 

cluster 9 was obtained as 21-22-7. Table 13 shows the testing 

performance of only 10 patterns due to limited space while Figure 

12 shows the target and RBFNN output for all the 100 unseen 

testing patterns. Overlapping of these outputs clarly shows the 

superior performance of the developed RBFNN. In the fifth 

column of Table 13 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 

0.1421584 in all the 100 testing patterns. Maximum absolute 

percentage error for cluster 9 is found as 0.9006, 0.4731, 1.7118, 

1.2530, 1.1632, 1.3736 and 1.1139.  The elapsed time for training 

of the developed RBFNN is found as 0.302690 seconds.  

Table 13: Wheeling Price prediction for loads in IEEE-30 bus 

system (Cluster-9) 

T

P 

Loa

d 

unit 

Target 
ANN 

output 
Error 

% Abs. 

Error 

1 

Load 
2 

8.8841 8.88453 
-
0.00043 

0.00484 

Load 
9 

12.526
2 

12.51913 0.00707 0.05644 

Load 
11 

0.8132 0.81085 0.00235 0.28894 

Load 
12 

9.5413 9.54437 
-
0.00307 

0.03221 

Load 
14 

7.249 7.254 -0.005 0.06893 

Load 
20 

1.6461 1.64523 0.00087 0.05309 

Load 
21 

3.546 3.54967 
-
0.00367 

0.10349 

2 

Load 
2 

8.7169 8.73871 
-
0.02181 

0.25022 

Load 
9 

12.326
9 

12.35378 
-
0.02688 

0.21807 

Load 
11 

0.7165 0.71371 0.00279 0.38967 

Load 
12 

9.6158 9.65952 
-
0.04372 

0.45463 

Load 
14 

7.1512 7.17794 
-
0.02674 

0.37386 

Load 
20 

1.651 1.65518 
-
0.00418 

0.25294 

Load 
21 

3.3482 3.35513 
-
0.00693 

0.20698 

3 

Load 
2 

8.5755 8.58102 
-
0.00552 

0.06441 

Load 
9 

12.010
4 

12.03173 
-
0.02133 

0.1776 

Load 0.7313 0.73301 - 0.23336 
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11 0.00171 

Load 
12 

9.4813 9.48574 
-
0.00444 

0.04678 

Load 
14 

7.0246 7.0266 -0.002 0.02842 

Load 
20 

1.5922 1.59375 
-
0.00155 

0.09711 

Load 
21 

3.1272 3.12317 0.00403 0.12888 

4 

Load 
2 

8.5817 8.57759 0.00411 0.04786 

Load 
9 

12.062
3 

12.02504 0.03726 0.30891 

Load 
11 

0.7265 0.72763 
-
0.00113 

0.15602 

Load 
12 

9.424 9.42476 
-
0.00076 

0.00804 

Load 
14 

7.0128 7.00568 0.00712 0.10154 

Load 
20 

1.6332 1.63555 
-
0.00235 

0.14382 

Load 
21 

3.4793 3.48602 
-
0.00672 

0.19316 

5 

Load 
2 

8.4232 8.42894 
-
0.00574 

0.0681 

Load 
9 

11.923
4 

11.92428 
-
0.00088 

0.00734 

Load 
11 

0.7011 0.70417 
-
0.00307 

0.43787 

Load 
12 

9.2358 9.23662 
-
0.00082 

0.00889 

Load 
14 

6.8925 6.89886 
-
0.00636 

0.09221 

Load 
20 

1.5397 1.53995 
-
0.00025 

0.01632 

Load 
21 

3.1916 3.19024 0.00136 0.04254 

6 

Load 
2 

8.5567 8.55676 
-
0.00006 

0.00075 

Load 
9 

12.068
7 

12.07093 
-
0.00223 

0.01844 

Load 
11 

0.7658 0.76392 0.00188 0.24562 

Load 
12 

9.2398 9.24662 
-
0.00682 

0.07378 

Load 
14 

7.0498 7.05435 
-
0.00455 

0.0645 

Load 
20 

1.5564 1.55669 
-
0.00029 

0.01856 

Load 
21 

3.0036 2.99965 0.00395 0.13143 

7 
Load 
2 

9.1842 9.18576 
-
0.00156 

0.01704 

Load 
9 

13.025 13.00071 0.02429 0.18646 

Load 
11 

0.7769 0.78124 
-
0.00434 

0.55851 

Load 
12 

10.097
9 

10.09652 0.00138 0.01368 

Load 
14 

7.5516 7.55476 
-
0.00316 

0.04189 

Load 
20 

1.6975 1.69837 
-
0.00087 

0.05108 

Load 
21 

3.6943 3.68746 0.00684 0.18513 

8 

Load 
2 

8.9498 8.92309 0.02671 0.29843 

Load 
9 

12.546
2 

12.5654 -0.0192 0.15301 

Load 
11 

0.756 0.75184 0.00416 0.55067 

Load 
12 

9.721 9.68666 0.03434 0.35321 

Load 
14 

7.1833 7.15995 0.02335 0.32508 

Load 
20 

1.6071 1.60282 0.00428 0.26601 

Load 
21 

3.1469 3.13351 0.01339 0.42565 

9 

Load 
2 

8.8021 8.79131 0.01079 0.12261 

Load 
9 

12.388
1 

12.37874 0.00936 0.07558 

Load 
11 

0.7454 0.74081 0.00459 0.6158 

Load 
12 

9.5578 9.55887 
-
0.00107 

0.01117 

Load 
14 

7.1504 7.14726 0.00314 0.04396 

Load 
20 

1.5765 1.57202 0.00448 0.28439 

Load 
21 

3.1542 3.1459 0.0083 0.2631 

10 

Load 
2 

8.257 8.24852 0.00848 0.10267 

Load 
9 

11.729
6 

11.71747 0.01213 0.10342 

Load 
11 

0.7079 0.69832 0.00958 1.3535 

Load 
12 

9.0964 9.12093 
-
0.02453 

0.26963 

Load 
14 

6.714 6.71697 
-
0.00297 

0.04424 

Load 
20 

1.5658 1.56743 
-
0.00163 

0.10425 

Load 3.3716 3.38259 - 0.3261 
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21 0.01099 

Fig. 12 Testing performance of ANN in IEEE-30 bus system 

(Cluster-9) 

After having several trials, the optimal structure of RBFNN for 

cluster 10 was obtained as 21-06-2. Table 14 shows the testing 

performance of only 10 patterns due to limited space while Figure 

13 shows the target and RBFNN output for all the 100 unseen 

testing patterns. Overlapping of these outputs clarly shows the 

superior performance of the developed RBFNN. In the fifth 

column of Table 14 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 0.2644 

in all the 100 testing patterns. Maximum absolute percentage error 

for cluster 10 is found as 1.2820 and 1.4526.  The elapsed time for 

training of the developed RBFNN is found as 0.302690 seconds.  

Table 14: Wheeling Price prediction for loads in IEEE-30 bus 

system (Cluster-10) 

T

P 

Loa

d 

unit 

Targe

t 

ANN 

output 
Error 

% Abs. 

Error 

1 

Load 
6 

0.0761 0.07617 
-
0.00007 

0.09459 

Load 
13 

0.1797 0.17958 0.00012 0.06931 

2 

Load 
6 

0.0743 0.07415 0.00015 0.20666 

Load 
13 

0.1843 0.18494 
-
0.00064 

0.34688 

3 

Load 
6 

0.0803 0.08063 
-
0.00033 

0.41597 

Load 0.1721 0.17242 - 0.1849 
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13 0.00032 

4 

Load 
6 

0.0775 0.07771 
-
0.00021 

0.26535 

Load 
13 

0.1773 0.1776 -0.0003 0.17147 

5 

Load 
6 

0.0675 0.06731 0.00019 0.27804 

Load 
13 

0.1715 0.17174 
-
0.00024 

0.14036 

6 

Load 
6 

0.0795 0.07948 0.00002 0.03133 

Load 
13 

0.1806 0.18021 0.00039 0.21574 

7 

Load 
6 

0.0795 0.07983 
-
0.00033 

0.41683 

Load 
13 

0.1943 0.19357 0.00073 0.37765 

8 

Load 
6 

0.0754 0.07443 0.00097 1.28197 

Load 
13 

0.1597 0.16168 
-
0.00198 

1.24162 

9 

Load 
6 

0.0733 0.07323 0.00007 0.08947 

Load 
13 

0.165 0.16519 
-
0.00019 

0.11289 

10 

Load 
6 

0.0753 0.07496 0.00034 0.45479 

Load 
13 

0.152 0.15403 
-
0.00203 

1.33472 

Fig. 13 Testing performance of ANN in IEEE-30 bus system 

(Cluster-10) 

Parallel computing has been employed in this paper to further 

reduce the developing time for RBFNN. For total 10 clusters (3 

for generators and 7 for loads) ten separate RBFNNs have been 

developed in parallel computing environment. In parallel 

computing, due to the tasks assigned to all the workers, each 

processor completes its task at the same time. The computational 

work was carried out using MATLAB 2020.a version on a 

personal computer having a 1.8 GHz Intel Processor, 8GB RAM, 

Core i5, and 64-bit operating system with 4 processing cores. 

Table 15 shows the elapsed time required by each worker while 

ten RBFNNs were developed simultaneously by 4 workers using 

parallel computing. However, the maximum elapsed time in this 

case i.e. parallel computing was 10.6956 seconds. However if all 

the RBFNNs were developed sequentially then total elepsed time 

by each worker will be 27.0675 seconds. Then the speed gain has 

been calculated as follows:  

Speed gain = Sequential time / parallel computing time 

A significant speed gain of 2.5307 has been obtained under 

parallel computing environment.. 

Table 15: Pa  Parallel computing details for Wheeling pricing in IEEE 30-

bus system 

Worker Clusters 
Structure of 

RBFNN 

Elapsed 

Time (s) 

Speed 

Gain 

1 

Cluster-1 21-05-1
6.5915 

2.5307 

Cluster-2 21-24-3

Cluster-3 21-18-2

2 
Cluster-4 21-13-5 5.5087 

Cluster-5 21-06-1

3 

Cluster-6 21-16-2

4.2717 Cluster-7 21-09-1

Cluster-8 21-06-3

Cluster-10 21-06-2

4 Cluster-9 21-22-7 10.6956 

8.2 Indian Utility 146-bus System 

The proposed approch of RBFNN and parallel computing based 

wheeling price estimation has also been demonstrated on Indian 

Utility 146-bus system [26]. The Indian utility 146-bus system 

comprises of 24 generator buses, 146 load buses and 171 

transmission lines. Out of 24 generators, only 7 non-zero 

generators and out of 146 loads only 44 non-zero loads have been 

considered for computing wheeling prices. In this test system, 

minimum and maximum voltage limit at all the buses irrespective 

of generator and load is taken as 0.9 pu and 1.1 pu respectively. 

 The total transmission cost (annualized) of the system is given as 

50213.516 Rs. in lakh. As earlier, the share of generators and 

loads in this fixed embedded cost is taken as 30% (15064.0548 

Rs. in lakh ) and 70% (35149.4612 Rs. in lakh ) respectively.  
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Using k-means clustering technique, total 3 clusters have been 

formed for generators and 08 clusters for loads, which are given in 

Table 16 and Table 18 respectively. Due to limited space, the 

results (Target output, RBFNN output and percentage absolute 

error) for only two clusters, one of generator ( cluster number 1) 

and one of load ( cluster number 6) have been presented in the 

Table 17 and 19 respectively. 

Table 16 Cluster Formation for Generators in Indian utility 

146-bus system

Gen. Unit Cluster 

Gen1, Gen 3 and Gen 5 1 

Gen 6 and Gen 11 2 

Gen 12 and Gen 21 3 

After having several trials, the optimal structure of RBFNN for 

cluster 1 was obtained as 07-14-3. Table 17 shows the testing 

performance of only 10 patterns due to limited space. In the fifth 

column of Table 17 the percentage absolute error has been 

computed as [(Target output – RBFNN output)/ Target output] 

x100. Mean absolute percentage error (MAPE) is found as 

0.0989in all the 100 testing patterns. Maximum absolute 

percentage error for cluster 10 is found as 0.7634, 1.0328 and 

0.60876.  The elapsed time for training of the developed RBFNN 

is found as 0.608740 seconds.  

Table-17 : Wheeling Price prediction for Generators in Indian 

utility 146-bus system (Cluster-1) 

TP Target ANN output Error 
%Abs. 

Error 

1 190.5346 190.4518 0.08281 0.04346 

136.1883 136.4401 -0.25183 0.18491 

161.4715 161.4301 0.04143 0.02566 

2 181.8629 181.7657 0.09717 0.05343 

121.4069 121.6598 -0.25289 0.2083 

176.9336 177.0523 -0.11868 0.06708 

3 178.5163 178.5656 -0.04926 0.02759 

124.8911 125.1519 -0.26075 0.20878 

173.3973 173.3322 0.06514 0.03757 

4 193.2379 193.3486 -0.11069 0.05728 

123.3425 123.5447 -0.20224 0.16397 

146.7873 146.8736 -0.08629 0.05879 

5 186.5898 186.6287 -0.03887 0.02083 

122.037 122.1879 -0.15085 0.12361 

180.8535 180.801 0.05255 0.02905 

6 181.8405 181.9231 -0.08256 0.0454 

123.6651 123.6512 0.01395 0.01128 

163.8977 163.8035 0.09424 0.0575 

7 179.6072 179.5365 0.07067 0.03935 

126.6688 127.0116 -0.34277 0.2706 

165.9594 165.9459 0.01348 0.00813 

8 202.3325 202.3973 -0.06476 0.03201 

136.8718 137.0022 -0.13037 0.09525 

146.287 146.4487 -0.16174 0.11056 

9 184.8707 184.5955 0.27525 0.14889 

131.1383 130.8476 0.29069 0.22167 

170.9474 170.8828 0.06456 0.03777 

10 183.5902 183.8085 -0.21832 0.11892 

124.7977 124.6494 0.14828 0.11882 

173.4639 173.1471 0.3168 0.18263 

By employing k-means clustering technique total 08 clusters have 

been formed for all the non-zero load buses for the instant and 

accurate prediction of wheeling prices. These load clusters have 

been given in Table 18. 

Table 18 Cluster Formation for loads in Indian utility 146-bus 

system 

S.No. Cluster Load Buses S.No. Cluster 
Load 

Buses 

01 04 
1, 58, 3, 48, 

6, 4 and12 
05 08 

46, 4, 8, 

51, 18, 53 

and 2 

02 05 

13, 60, 16, 

17, 65, 19, 

64 and 81 

06 09 
58, 15, 63, 

22 and 37 

03 06 
72, 30 and 

52 
07 10 

66, 40, 27, 

73, 77and 

31 

04 07 

33, 36, 69, 

38, 39, 71 

and 45 

08 11 24 and 88 

Due to limited space the results for only cluster 6 for loads have 

been presented. After having several trials, the optimal structure 

of RBFNN for cluster 6 was obtained as 44-27-3. Table 19 shows 

the testing performance of only 10 patterns due to limited space. 

In the fifth column of Table 19 the percentage absolute error has 

been computed as [(Target output – RBFNN output)/ Target 

output] x100. Mean absolute percentage error (MAPE) is found as 

0.146298 in all the 100 testing patterns. Maximum absolute 

percentage error for cluster 10 is found as 1.20953, 1.71057 and 

0.74182.  The elapsed time for training of the developed RBFNN 

is found as 1.59640 seconds. 

Table-19 : Wheeling Price prediction for loads in Indian 

utility 146-bus system (Cluster-6) 

TP Target ANN output Error %Absolute 
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Error 

01 31.7653 31.63421 0.13109 0.0041 

29.0428 29.04482 
-
0.00202 0.00696 

30.8253 30.81704 0.00826 0.0268 

02 27.6387 27.63023 0.00847 0.03065 

32.3382 32.3276 0.0106 0.03279 

68.6072 68.61313 
-
0.00593 0.00865 

03 26.9922 26.99517 
-
0.00297 0.01101 

31.9393 31.9366 0.0027 0.00846 

71.4769 71.48119 
-
0.00429 0.006 

04 29.2717 29.27833 
-
0.00663 0.02265 

33.3557 33.34515 0.01055 0.03164 

76.3746 76.39794 
-
0.02334 0.03056 

05 27.5738 27.57187 0.00193 0.007 

30.7048 30.6948 0.01 0.03258 

70.6702 70.6997 -0.0295 0.04174 

06 29.1438 29.13763 0.00617 0.02117 

31.8356 31.82873 0.00687 0.02158 

73.6958 73.70417 
-
0.00837 0.01136 

07 28.931 28.93223 
-
0.00123 0.00424 

32.8793 32.86729 0.01201 0.03652 

69.7584 69.76649 
-
0.00809 0.0116 

08 28.9167 28.911 0.0057 0.01971 

36.1781 36.17106 0.00704 0.01946 

76.5066 76.49478 0.01182 0.01545 

09 29.309 29.30208 0.00692 0.02362 

34.4665 34.40089 0.06561 0.19036 

75.3039 75.25005 0.05385 0.07151 

10 28.9698 28.96839 0.00141 0.00486 

33.584 33.58107 0.00293 0.00873 

73.1159 73.1103 0.0056 0.00766 

9. CONCLUSION
This paper presents a novel approach of estimating wheeling

prices among system users employing artificial neural network
under parallel computing environment. It has been found that the

use of parallel computing have established a significant amount of
speed gain.

Embedded cost based wheeling price methods have been found a 

considerable recognition in recovering fixed transmission cost. 
This paper has presented an MVA-mile method of wheeling 

pricing, which is a type of embedded cost based methods. In the 

literature wheeling prices over transmission lines have been 
found, however in this paper wheeling prices across each 

generator and load have been computed using Bialek tracing 
technique. Moreover metaphor-less Rao-3 optimization algorithm 

has been implemented for determining optimal flows over all the 
transmission lines of the given power system. This algorithm was 

found as a superior optimization technique over all the available 
Meta heuristic nature inspired optimization methods. For 

considering continuously varying loading scenario of the power 
market, ANN based approach has been developed for estimating 

wheeling prices, which is found quite efficient and successful. 
Since for large power markets the wheeling prices are found quite 

heterogeneous, so to estimate those far different wheeling prices 
k-means clustering technique has been employed to group all the

wheeling prices which lie in a closed range into one cluster. For
instant and accurate estimation of wheeling prices, separate

RBFNNs have been developed for each cluster. All these
RBFNNs have been trained and tested under parallel computing

environment. The proposed RBFNN based approach of estimating
wheeling prices has been demonstrated on IEEE 30-bus system

and Indian Utility 146-bus system. In future this work can be
carried out for a bigger power market with bilateral and

multilateral transactions.
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Appendix A1 

A1. Bialek Tracing Algorithm 

The only requirement of the Bialek method is that it should satisfy 
Kirchhoff's current law completely. For this, this method is 

equally applicable for real and reactive power flows. In Bialek 
tracing, the allocation to each user is done through topology 

analysis. The Bialek tracing method is divided into two algorithms 
'upstream' and 'downstream' based on the proposed sharing 

principle, which performs tracing for each user to calculate 
wheeling pricing. The upstream algorithm displays how much of 

the total current flowing to a node on a particular generator bus is 
present [7]. The total apparent power flow Si through the node 

given all the currents can be expressed as follows: 

 




u

ivj

Giiji niforSSS ,...3,2,1      (22)    

Where 
)(u

i
v is the set of buses supplying directly to bus i. 

ijS shows the apparent power flow from node i to line ji 

and GiS is the generation at node i . Along with this ' n ' is the

total number of buses. 

Since each outflow down the line from a node is dependent only 
on the voltage gradient and the impedance of the line, according to 
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the principle of proportional sharing, each current that leads to the 

node has the same ratio of current to the total nodal flow Si. The 
line flow may be written in terms of nodal flow at bus j as 

jjiij SxS  Thus

 




u

iVj

Gijjii SSxS   (23)                                   

 




u

iVj

jjiiGi SxSS          (24)           

or Gu SSA       (25)    

Where uA is the upstream distribution matrix, S is the total vector

nodal flow and GS is the vector of bus generation. Here uA is

      (26) 

         

if 
1

uA exist then Gu SAS 1  (27)                         

The ith element of S will be 

 


 
n

m

Gmimui niforSAS
1

1 ....3,2,1 (28)      

It is worth noting that the 'mth' generator's share in the 'ith' bus 

power is  



n

m

GMimui SAS
1

1
. Here, the bus power at bus i, Siis 

also equal to the sum of power flows in the lines leaving the bus i 

and the load demand SDi.  By using Proportional Sharing Principle 

 
   

 



n

m

Gmimu

i

ikij

i

i

ikij

ikij SA
S

S
S

S

S
S

1

1..     (29)     

or 

   D

i

n

Gm

G

mikikij VkallforSDS  , (30)        

Where     iimuikij

G

mik SASD 1

,

 and 
)(D

iv is the set of 

buses, which are directly supplied from bus i and 
G

mikD , is

topological distribution factor, which is the portion of the 
generation due to mthgenerator that flows in the line ik.  

The downstream algorithm calculates the share of the individual 
load in the individual line flow. 

when apparent power of bus Si is expressed as the sum of outflows 

 
   





d

i
d

i Vl

DilliDi

Vl
ikiji niforSSxSSS ,...3,2,1 (31)                                                                                                                 

where 
 d

iV  is the group of buses which directly supplied bus i 

and   lliijli SSx / .                         (32)                                                    

equation (23) may be written as 

 




d

iVl

DDDillii SSAorSSxS (33)     

where 
DA is the downstream distribution matrix

DS is the vector 

of bus load demand. the ilthelement of the matrix AD is 

   














otherwise

vlforSSx

jifor

A d

ililijliilD

0

1

)(

(34)    

If 
1

DA exists then DD SAP 1 , and its ith element is equal

to  


 
n

k

DkikDi niforSAS
1

1 ,....3,2,1  (35) 

With that, the inflow to node i from line i-j can be calculated using 
the proportional sharing principle as 

 
   

 



n

k

DkimD

i

ij

i

i

ij

ij SA
S

S
S

S

S
S

1

1..    (36)      

    or

   D

i

n

k

Dk

L

kijikij VkallforSDS 
1

,  (37)       

Where     DkimDikij

L

kij SASD /1

,

 is the is topological load 

distribution factor, which gives the portion of the kth  load demand 
that flows in the line ik.  
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