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ABSTRACT 

A multilayer feed forward neural network (MFFNN) is suggested in this research to analyse 

nonlinear functions for online power flow assessment under data uncertainty. To create the training 

data for the proposed MFFNN model, the Interval fast decoupled power flow method (IFDPF) is 

used. The IFDPF method provides a power flow solution for a PS with unknown load and generation 

data. The IFDPF technique produces voltage magnitudes, phase angles, active and reactive powers, 

which are used to train the network model to forecast voltages and phase angles at all buses under 

any unknown operating conditions. The proposed Multilayer feed forward (MFFNN) neural network 

is tested on IEEE-30, IEEE 57, and IEEE 118 bus systems, and the results of MFFNN and IFDPF 

under an unknown network operating condition are compared. From the results it is concluded that 

the constructed neural network has been validated for online implementation of interval power flow 

methods. 

 

Keywords: Interval arithmetic, Interval Fast Decoupled Power Flow method, Multilayer feed forward 

neural network. 

 

1. INTRODUCTION 

In any power system the data at load and generator buses is inaccurate and uncertain as the data is 

provided by measuring equipment. The regular conventional power flow methods cannot be applied 

to solve such an uncertain data. It is required to apply a methodology in order to deal with load and 

generation uncertainties. One of the approaches for solving data with uncertainty is to use the interval 

arithmetic (IA) technique. However, the online implementation of interval power flow systems is 

extremely complicated and time-consuming. For quick reaction, they require a computer with a high 

processing speed and memory.As a result, an effective online tool for power system load flow 

analysis under uncertainty is required.In this paper, a multi-layer feed forward neural network is 

presented for online assessment of power flow under uncertainty, and the proposed neural network is 

trained using the Interval Fast Decoupled Power Flow (IFDPF) approach. 

 

Interval load flow: 

The uncertain data should be represented in Interval values in Interval load flows. 

Researchers are drawn to use Interval arithmetic technique to answer uncertain power systems 

because it provides ascribed solutions with uniform validity for any instantaneous value of the 

problem [1-5]. According to Alvarado [1], uncertainty is taken into account at nodal values, and the 

Newton operator, Krawczyk operator, and Gauss-Seidal method are employed to solve nonlinear 

functions. If the supplied Interval input is too large in the Gauss-Seidal method, the system's 

convergence is not guaranteed. In[5] to solve uncertain power flow, an FDPF based on interval 

arithmetic was adopted. For linearization, the interval gauss elimination approach is applied. This 

solution exemplifies extreme conservatism. Researchers have proposed various approaches to address 

the challenges of power flow problems in the presence of uncertainties in load and line data. Pereira, 

da Costa, and Rosa [6] introduced interval arithmetic into the current injection approach to handle 

uncertainties. They formulated the interval power flow problem using Cartesian coordinates and 

developed a quadratically constrained quadratic programming (QCQP) model [7]. Liao et al. [8] 
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presented an interval technique based on the Taylor inclusion function to solve the interval power 

flow problem. They translated the solution of non-linear algebraic equations with interval variables 

into certain equations using the Taylor inclusion function. Parihar and Malik [9] demonstrated a 

combined application of probabilistic and deterministic approaches to address uncertainties in line, 

load, and distributed generation in a radial distribution system. They represented the uncertainty in 

load demand using a Gaussian distribution function, while line and distributed generation 

uncertainties were varied in a fixed proportion. Nogueira, Garces Negrete, and Lopez-Lezama [10] 

proposed an interval load flow (ILF) approach and a probabilistic load flow (PLF) approach based on 

Monte Carlo Simulation (MCS). These approaches were implemented using Python on the IEEE 34-

bus, IEEE 69-bus, and IEEE 192-bus Brazilian distribution systems for network state estimation and 

comparison purposes. 

 

Artificial Neural Networks (ANN) 

An Artificial Neural Network is defined as a network consisting of a large number of neurons 

connected to each other with some weights and is also referred to as a connectionist model. In an 

ANN, each neuron is a processing element that receives a number of inputs and applies an activation 

function to generate the neuron's output value.The neurons are trained by employing domain 

knowledge presented in the form of training examples. The basic aim of training ANN is to create a 

generalized network that can behave correctly even in case of new instances that have not been 

experienced or learned previously. 

 

Neural Network Load Flow 

SerhatBerat EFE and Mehmet CEBEC [11] used a created neural network to study a five-

busbar power system.The results of the neural network are compared to those of the Gauss Seidel 

method.In references [12-13], The importance of neural networks is discussed in terms of obtaining a 

load flow solution for a power system under various operating/contingency conditions, computing the 

magnitude of voltage and phase angle of the power system, and static security evaluation and 

control.Artificial neural networks (ANN) were proposed by V. Leonardo paucar and Marcos J Rider 

[14] to solve the power flow (PF) problem in electric power systems (EPS). Lia et.al [15] discussed 

deep learning voltage sag estimation in sparsely monitored power systems. Bagher et.al.[16] discussed 

about voltage dip classification.  Wang et.al [17] and Shen et.al. [18] are discussed power quality 

disturbance classification based on neural network algorithms, Deng et.al. [19] discussed deep 

learning architecture for type recognition and time location of power quality disturbance. [20-25] 

applied deep learning and machine learning algorithms for reactive power control, power factor 

compensation and transient voltage stability. 

Multi-layer feedforward neural network  

Multi-layer feedforward neural network is to be used to handle data that is not linearly 

separable. This contains hidden layers between input and output layers as shown in figure 1. Each 

neuron in the hidden layer and output layer is weighted and connected to each neuron in the previous 

layer. And multi-layer feedforward networks continuously evolve with the help of back propagation 

learning technique.  
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Figure 1. Schematic diagram of multilayer neural network 

In the back propagation learning technique, the output values obtained from the network for a 

known set of inputs is compared with the correct answer in order to determine the values of some 

predefined error function. This error is then fed back into the network using back propagation method. 

The algorithm utilizes this information and then adjusts the weights of the connections so that the 

corresponding error function is reduced to some minimum value. This procedure is repeated for large 

number of training cycles, so that the network obtains a state where the error becomes negligible. And 

a gradient descent method is applied for nonlinear functions for proper adjustments of weights. This 

method is used to calculate the derivative of the error function with respect to the network weights, 

and the weights are then changed to reduce the margin of error. 

 

Training algorithm of MFFNN model to refine the weight values 

The following algorithm explains the training procedure of the MFFNN model. 

Step1: Use a random set of weights to run a set of input variable values through the network. 

Step2: For this scenario, compute the difference between the computed and real target values. After 

the network has been activated on the i-th training sample, calculate the error of the output neuron k. 

(X(i), D(i)) as Ek(i) =  Dk(i) – Yk(i).                              (2) 

Here X(i) is the input and D(i) is the desired output of the training example. And Yk(i) is the output of 

the k-th neuron. 

Step3: The network error is obtained by adding up the squared errors of the output neurons.  

E(i) =  ⅀ (Ek(i))2, for k-th output node.                               (3) 

Step4: The total mean squared error is the average of the network errors of the training examples.. 

          Eav = (∑ E(i)N
i=1  )/ N        (4) 

Step5: Calculate the gradient of the change in error with respect to changes in weight values by 

propagating this average error backward through the network.  

Step6: Using the following calculation, make weight modifications to minimize the inaccuracy. 

Wji =  Wji  +  ∆ Wji.where ∆ Wji =  −Ƞ ∗  [ ẟE / ẟWji ],                        (5) 

Ƞ is the learning rate of the network in between 0.1 to 0.9. 

Step7: The weights are adjusted and the back propagation method is terminated when the sum of 

squares of the errors of the output values for all the training data in an epoch is less than a predefined 

threshold. 

Data generation for MFFNN training and testing 

IEEE 30 bus system is used to generate data by performing offline MATLAB simulations to 

train the MFFNN model. For data generation the IFDPF algorithm is applied for IEEE 30 bus system. 

The data is generated by considering the measurement error 2%, 4%,6%,8% and 10% of its base 

value. The active and reactive powers of the generator, load active and reactive powers, voltage 

magnitudes, and phase angles are calculated in intervals for each measurement error. 
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The basic Interval real and reactive powersare represented as equations 6 and 7 respectively, 

after introducing uncertainty in the parameters. 

[Ppcal¯, Ppcal+] = [Ṽp] ∑ {[Ṽq]n
q=1  |Ypq | Cos (θpq +  δ̃q − δ̃p)}  (6) 

p = 1,2,3 … … . n ;     p ≠ slack   

[Qpcal¯, Qpcal+] = [Ṽp] ∑ {[Ṽq]n
q=1  |Ypq | sin (θpq +  δ̃q − δ̃p)}  (7) 

p = 1,2,3 … … . n ;     p ≠ PV ;       p ≠ slack  

Where, n is the number of buses of given power system.  

[θpq¯, θpq⁺] = [θp¯, θp⁺] − [θq¯, θq⁺]   
These values are used as inputs, whereas the voltage magnitudes and phase angles obtained 

from the IFDPF algorithm are used as outputs for the MFFNN model for the training purpose. Twelve 

inputs and four outputs are considered for designing the ANN model. In this one hidden layer is 

selected and Log sigmoid (LOGSIG) transfer function has been chosen for the hidden layer and Purel 

in transfer function is selected for output layer. The weights are updated after each epoch during 

training. This ANN was trained by using Levenberg-Marquardt(L-M) algorithm. The developed 

MFFNN model for the prediction of interval voltages and phase angles is shown in figure 2. All the 

generated data with measurement error 2%, 4%,6%,8% and 10% is used to train the network model. 

The trained model is tested for the data with measurement error 5%.  

4.2. MFFNN model for prediction of voltage and phase angle 
The developed MFFNN model for the prediction of interval voltages and phase angles is as 

shown below.  

 
Figure 2. MFFNN Model for prediction of voltage and phase angle 

The weights are updated from hidden layer to output layer by using the following equations  

Wbc(n + 1)  = wbc(n) + ∆ wbc (n)     (8) 

∆ wbc(n)  = ɳ  ∗ ẟc(n) ∗  y(b)  (9) 

Where ∆ wbc(n)is the change in weight between nodes b and c, ɳ is learning rate, y(b)is the output of 

hidden layer.ẟc(n) is the error signal for Cth node at nth iteration. Similarly,  

The weights from input layer to hidden layer are updated by 

W𝑎𝑏(n + 1)  = wab(n)  +  ∆ wab (n)     (10) 

∆ wab(n)  = ɳ  ∗ ẟb(n) ∗  y(a)      (11) 

 

Results and Discussions 

The trained MFFNN model is tested for IEEE 30, IEEE 57 and IEEE 118 bus systems by 

considering 5% error in the measuring data. The model is trained with the data of measurement 

error 2%, 4%,6%,8% and 10% of base value. The results are compared with the results of IA 

method and shown in the table 1 and table 2 for IEEE 30 bus. 

IEEE 30 bus system training and testing 

The overall structure of the MFFNN model of IEEE 30 bus system for predicting voltages and 

phase angles is depicted in figure 3.  MSE value is decreased to 9.9842e-06 in 120 epochs as shown in 

figure 4. The learning rate parameter of the Neural Network is 0.2. The desired performance error 

goal was set to 0.00001. The number of hidden layer neurons has varied. The performance of the 

ANN is excellent at 20 neurons in the hidden layer. 
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Figure. 3. MFFNN model of IEEE 30 bus system 

 
 

Figure. 4. MFFNN performance for IEEE 30 bus system 

The trained model is tested on IEEE 30 bus system by considering 5% measurement error. 

The obtained values of voltages and phase angles by MFFNN model are compared with the values of 

voltage magnitude and phase angles by Interval Arithmetic method. Table 4.1 and table 4.2 shows the 

comparison of voltage magnitudes and phase angles respectively for IEEE 30 bus system.  

Table 1: Bus Voltages of IEEE 30 bus system in intervals for 5 % measurement error 

 Bus Voltage Magnitude in P.U 

Bus no Interval results MFFNN results 

 
Lower voltage 

value 

Upper voltage 

value 

Lower voltage 

value 

Upper voltage 

value 

1 1.06 1.06 1.0596 1.0599 

2 1.043 1.043 1.0429 1.0428 

3 1.0212 1.0218 1.0211 1.0216 

4 1.0125 1.0132 1.0137 1.0141 

5 1.01 1.01 1.0095 1.0092 

6 1.0117 1.0124 1.0126 1.0129 

7 1.0029 1.004 1.0025 1.0045 

8 1.01 1.01 1.0098 1.0090 

9 1.05 1.052 1.0481 1.0494 

10 1.0425 1.0462 1.0434 1.0460 

11 1.082 1.082 1.0813 1.0816 

12 1.0562 1.0585 1.0563 1.0586 

13 1.071 1.071 1.0713 1.0723 

14 1.041 1.0441 1.0414 1.0440 

15 1.036 1.0395 1.0364 1.0393 

16 1.043 1.0463 1.0433 1.0462 
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17 1.0371 1.0411 1.0371 1.0409 

18 1.0258 1.03 1.0257 1.0300 

19 1.023 1.0275 1.0228 1.0271 

20 1.0271 1.0314 1.0270 1.0314 

21 1.0298 1.0344 1.0293 1.0341 

22 1.0304 1.0349 1.0305 1.0344 

23 1.025 1.0294 1.0246 1.0290 

24 1.0189 1.0242 1.0181 1.0238 

25 1.0166 1.0211 1.0156 1.0202 

26 0.9983 1.0041 0.9986 1.0045 

27 1.024 1.0275 1.0225 1.0263 

28 1.0103 1.0112 1.0112 1.0117 

29 1.0038 1.0081 1.0025 1.0083 

30 0.9922 0.9968 0.9899 0.9957 

 

Table 2: Phase angles of IEEE 30 bus system in intervals 

 Bus Phase angle in degree 

BUS No Interval results MFFNN results 

 Lower angle Upper angle Lower angle Upper angle 

1 0 0 0 0 

2 -5.9285 -5.0652 -5.92862 -5.06501 

3 -8.5387 -7.4695 -8.53743 -7.47159 

4 -10.3084 -9.0146 -10.3084 -9.01578 

5 -15.2889 -13.4736 -15.2947 -13.4742 

6 -12.1487 -10.6473 -12.1488 -10.647 

7 -13.9997 -12.2995 -13.9998 -12.2998 

8 -12.9057 -11.3249 -12.909 -11.3367 

9 -15.3685 -13.4993 -15.3678 -13.4993 

10 -17.0471 -15.0013 -17.0484 -14.9992 

11 -15.3685 -13.4993 -15.3679 -13.4997 

12 -16.2864 -14.3185 -16.2846 -14.3211 

13 -16.2864 -14.3185 -16.2861 -14.3191 

14 -17.2389 -15.145 -17.2357 -15.1471 

15 -17.3381 -15.2183 -17.3383 -15.2193 

16 -16.9049 -14.8561 -16.9026 -14.8572 

17 -17.2287 -15.1482 -17.2288 -15.1486 

18 -17.983 -15.784 -17.9875 -15.7803 

19 -18.1605 -15.9433 -18.1608 -15.9446 

20 -17.9431 -15.7614 -17.94 -15.7636 

21 -17.5311 -15.4062 -17.5301 -15.4069 

22 -17.5157 -15.3938 -17.5166 -15.3924 

23 -17.7521 -15.5725 -17.7524 -15.5733 

24 -17.9299 -15.7305 -17.9302 -15.7304 

25 -17.4966 -15.3511 -17.4972 -15.351 

26 -17.9704 -15.7143 -17.9695 -15.714 

27 -16.9421 -14.8829 -16.9405 -14.8837 

28 -12.8483 -11.2666 -12.8484 -11.2661 

29 -18.2587 -16.0137 -18.2588 -16.0147 
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30 -19.1987 -16.8306 -19.1998 -16.8295 

 

The trained neural network MFFNN produces the same results as the IA based technique, and for 

various load circumstances, the trained network is used to obtain the unknown results of interval bus 

voltages and phase angles at all buses. Figures 5 and 6 exhibit a graphical representation of the 

findings of both the IA and MFFNN algorithms for the IEEE 30 bus system.The results of interval 

arithmetic and MFFNN at 5% uncertainty converged similarly, as shown in both figures. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure5. IA and NN Voltage magnitude of IEEE 30bus system 

 

 
 

Figure6.IA and NN voltage Angle of IEEE 30bus system 

IEEE 57 bus system training and testing 

The overall structure of the MFFNN model of IEEE 57 bus system for predicting voltages and 

phase angles is depicted in figure 7.  MSE value is decreased to 9.9842e-06 in 120 epochs as 

shown in figure 8. The learning rate parameter of the Neural Network is 0.2. The desired 

performance error goal was set to 0.00001. The number of hidden layer neurons has varied. The 

performance of the ANN is excellent at 20 neurons in the hidden layer.  
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Figure8. MFFNN performance for IEEE 57 bus system 

 

The trained model is tested on IEEE 57 bus system by considering 5% measurement error. 

Figures 9 and 10 exhibit a graphical representation of the findings of both the IA and MFFNN 

algorithms for the IEEE 57 bus system. It is obvious from both figures that the results of interval 

arithmetic and MFFNN at 5% uncertainty converged equally. 

 

 
Figure9. IA and NN Voltage magnitude of IEEE 57 bus system 
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Figure 10.IAand NN Voltage Angle of IEEE 57 bus system 

IEEE 118 bus system training and testing 

The overall structure of the MFFNN model of IEEE 30 bus system for predicting voltages and 

phase angles is depicted in figure 11.  MSE value is decreased to 9.9965e-06 in 1055 epochs as 

shown in figure 12. The learning rate parameter of the Neural Network is 0.2. The desired 

performance error goal was set to 0.00001. The number of hidden layer neurons has varied. The 

performance of the ANN is excellent at 30 neurons in the hidden layer. 

 

 
Figure 12. MFFNN performance for IEEE 118 bus system 

 

The trained model is tested on IEEE 118 bus system by considering 5% measurement error. The 

obtained values of voltages and phase angles by MFFNN model are compared with the values of 

voltage magnitude and phase angles by Interval Arithmetic method. The graphical representation of 

results of both the IA and MFFNN methods for IEEE 118 bus system are shown in figure 13 and 

figure 14. 
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Figure13. IA and NN Voltage magnitude of IEEE 118 bus system 

 

 
 

Figure14.IAand NN Voltage Angle of IEEE 118 bus system 

 

This paper demonstrates how to solve nonlinear load flow problems with data uncertainty using the 

IA and MFFNN algorithms. The MFFNN model is used to derive unknown values of voltage 

magnitude and phase angles for different operating situations under uncertainty using 2%, 4%, 6%, 

8%, and 10% of the Interval Arithmetic method's basis data. The trained model is put to the test on 

IEEE 30, IEEE 57, and IEEE 118 bus systems, with a 5% measurement error factored in. The results 

show that the suggested MFFNN model is a reliable method for approximating real-valued target 

functions. It is a most effective learning method. Gradient descent was employed in the back 

propagation algorithm to optimize network parameters to best suit a training set of input-output pairs. 

The MFFNN model has been successfully employed to predict the output values of unknown inputs 

despite faults in the training data. 

 

CONCLUSIONS 

A Multilayer perceptron feed forward neural network (MFFNN) is developed for online load flow 

analysis of power system. It can be used to tackle situations involving nonlinear load flow and 

uncertain data. The training data for the developed MFFNN model is generated using the Interval fast 

decoupled power flow algorithm. From the results it is observed that the developed MFFNN 

performance is similar to the IA method. But the IA method is not able to solve the load flows in real 

time. The MFFNN is feasible for online load flow analysis with better accuracy within less time.  
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